
ACE: An EmergentAlgorithm for
Highly Uniform Cluster Formation

HaowenChanandAdrianPerrig

CarnegieMellon University
PittsburghPA 15213,U.S.A

f haowenchan, perrig g@cmu.edu

Abstract. The ef�cient subdivision of a sensornetwork into uniform, mostly
non-overlappingclustersof physicallyclosenodesis animportantbuilding block
in thedesignof ef�cient upperlayernetwork functionssuchasrouting,broadcast,
dataaggregation,andqueryprocessing.
We presentACE, an algorithmthat resultsin highly uniform clusterformation
thatcanachieve a packingef�ciency closeto hexagonalclose-packing.By using
theself-organizingpropertiesof threeroundsof feedbackbetweennodes,theal-
gorithminducestheemergentformationof clustersthatareanef�cient cover of
thenetwork, with signi�cantly lessoverlapthantheclustersformedby existing
algorithms.The algorithmis scale-independent— it completesin time propor-
tional to the deployment densityof the nodesregardlessof the overall number
of nodesin thenetwork. ACErequiresno knowledgeof geographiclocationand
requiresonly a smallconstantamountof communicationsoverhead.

1 Intr oduction

Large-scaledistributedsensornetworksarebecomingincreasinglyusefulin a variety
of applicationssuchasemergency response,real-timetraf®c monitoring,critical infras-
tructuresurveillance,pollution monitoring,building safetymonitoring,andbattle®eld
operations.Suchnetworkstypically consistof hundredsto tensof thousandsof low cost
sensornodes, deployedvia individual installationor randomscattering.Thenodesare
usuallyhighly power-constrainedandhavelimited computationandmemoryresources.
They typically utilize intermittentwirelesscommunication.Thesensornetwork is usu-
ally organizedaroundoneor morebasestationswhich connectthesensornetwork to
controlandprocessingworkstationsor to anexternalcommunicationsnetwork.

Clusteringis a fundamentalmechanismto designscalablesensornetwork proto-
cols.A clusteringalgorithmsplitsthenetwork into disjointsetsof nodeseachcentering
aroundachosencluster-head.A goodclusteringimposesaregular, high-level structure
on thenetwork. It is easierto designef®cientprotocolson thishigh-level structurethan
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at the level of the individual nodes.Many ef®cientprotocolsrely on having a network
partitionedinto clustersof uniformsize.Someexamplesof theseprotocolsincluderout-
ing protocols [14,23], protocolsfor reliablebroadcast[19,20], dataaggregation[10,
26], andqueryprocessing[6]. We furtherdiscussclusteringin Section3.

Conventionalalgorithmsthat usecentralizedcontrol andglobal propertiesof the
sensornetwork have inherentdif®cultiesin thepropertiesof scalabilityandrobustness,
whicharetwo importantdesigngoalsfor protocolsin large-scalesensornetworks.Cen-
tralized,top-down algorithmsoftenneedto operatewith knowledgeof theconditions
andvariablesat everypointof thenetwork. In a very largenetwork, thenetwork traf®c
andtime delay inducedby the collectionof this large amountof datamay be unde-
sirable.Finally, sincesomespeci®cnodes,commandsor dataare usually of higher
importancein a centralizedprotocol,an error in transmissionor a failure of a critical
nodecouldpotentiallycausea seriousprotocolfailure.

As analternativeto centralizedalgorithms,localizedalgorithmsreducetheamount
of centralcoordinationnecessaryandonly requireeachnodeto interactwith its local
neighbors[6]. While sometimesharderto design,thesealgorithmsdo not have the
limitationsof centralizedalgorithmsandareoftenhighly scalable,fastandef®cient.

A classof localizedalgorithmsthat areparticularlypromisingareemergentalgo-
rithms. Emergentalgorithmshavetheadditionalcharacteristicthattheindividualagents
(i.e., the sensornodesin the caseof distributedsensornetworks) only encodesimple
local behaviors anddo not explicitly coordinateon a global scale.Throughrepeated
interactionandfeedbackat theindividual level, globalpropertiesemerge in thesystem
asa whole. Emergentbehaviors arebeingstudiedextensively in biological, physical
andsocialsystems— suchsystemsareoftencollectively termedcomplex adaptivesys-
tems. Examplesincludeantcolonies,ecosystems,andstockmarkets.It is possiblethat
emergentalgorithmshavethepotentialto bemore�e xible thannon-emergentlocalized
algorithms,which areconstrainedby the fact that a complex global propertymay be
dif®cult to directlyencodein aprogramthatcanactonly uponlocal information.

In thispaper, weprovideanintroductionto thede®nitionsandmotivationsof local-
izedandemergentalgorithms.To demonstratethepotentialof emergentalgorithmsin
sensornetworks,we presenta new emergentprotocolfor nodeclusteringcalledACE
(for Algorithm for ClusterEstablishment).ACEhashighclusterpackingef®ciency ap-
proachingthatof hexagonalclose-packing,andonly incursa smallconstantamountof
communicationsoverhead.ACEis scale-independent(it completesin constanttimere-
gardlessof thesizeof thenetwork) andoperateswithoutneedinggeographicknowledge
of nodepositionsor any kind of distanceor directionestimationbetweennodes.

2 Localizedprotocolsand emergent protocols

In this sectionwe de®nelocalizedandemergentprotocols,anddiscussthe particular
bene®tsandtradeoffs of usingtheseprotocolsin sensornetworks.

2.1 Localizedprotocols

Estrinet al. [6] offer abroadde®nitionof a localizedprotocol:

De�nition 1. A localizedprotocol for a sensornetworkis a protocol in which each
sensornodeonly communicateswith a small set of other sensornodeswithin close
proximityin order to achievea desiredglobalobjective.
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In this paper, we usea narrower de®nitionof localizedalgorithmsthatbettercon-
veys theintuition of localizedalgorithmsbeingfreefrom centralizedcontrol:

De�nition 2. A strictly localizedprotocol for a sensornetworkis a localizedprotocol
in which all informationprocessedbya nodeis either: (a) local in nature (i.e. they are
propertiesof thenode'sneighborsor itself); or (b) global in nature (i.e. they are prop-
ertiesof thesensornetworkasa whole),but obtainableimmediately(in shortconstant
time)by queryingonly thenode'sneighborsor itself.

This narrowerde®nitioncapturesthenotionthat in a goodlocalizedprotocol,each
nodeshouldbe capableof independentsimultaneousoperationin the protocolat any
period.For example,considera protocolthat involvesbuilding a spanningtreein time
proportionalto thediameterof thenetwork by doinga distributedbreadth-®rstsearch
involving only local communication(e.g. the BannerjeeandKhuller clusteringalgo-
rithm [3]). Suchaprotocolwouldbealocalizedprotocolby the®rst de®nitionbut nota
strictly localizedprotocolby thesecondde®nitionsinceaspanningtreeis aglobaldata
structureandtheentirenetwork mustbetraversedbeforeit canbecomputed.

In thispaper, whenwemention“localizedprotocols”or “localizedalgorithms”,we
will bereferringto strictly localizedprotocolsandalgorithms.

Localizedprotocolshave thefollowing bene®ts:

– Scalability. Localizedprotocolscanenablenodesto act independentlyandsimul-
taneouslyin variouspartsof thenetwork. Hence,localizedprotocolsoftenexhibit
betterscalabilityin largenetworksthancentrallycontrolledprotocols,which may
have to wait for informationto propagateacrossthenetwork.

– Robustness.Wheninformationuseis purely local andno centralizedcontrol in-
frastructureis needed,the chancesfor protocol failure dueto transmissionerrors
and nodefailure are reduced.It is also more likely for performanceto degrade
gracefullyundercommunicationerrorratherthansimply fail or endup in anerro-
neousstate.This is becauseif all informationis local,thentheimpactof any datum
of informationis mostlikely alsolocally limited. For example,if nocritical control
messagesneedto beroutedacrosstheentirenetwork in a localizedalgorithm,then
if a nodefails thenit will mostlikely inducea failureof theprotocolat mostonly
within its own vicinity.

2.2 Emergentprotocols

In this paper, we make useof the de®nitionof an emergentalgorithmasoutlinedby
FisherandLipson[7]:

De�nition 3. An emergentalgorithm is any computationthat achievesformally or
stochasticallypredictableglobaleffects,bycommunicatingdirectlywithonlyabounded
numberof immediateneighborsandwithouttheuseof central control or globalvisibil-
ity.

Hence,anemergentprotocol for a sensornetwork is a localizedprotocolin which
thedesiredglobalpropertyis neitherexplicitly encodedin theprotocolnor organized
by acentralauthority, but emergesasaresultof repeatedlocal interactionandfeedback
betweenthenodes.
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Oneof themaindistinguishingcharacteristicsof emergentprotocolsoverotherlo-
calizedprotocolsis theexistenceof feedback duringprotocoloperation.Feedbackoc-
curswhensomenodeA affectssomenodeB , which thendirectly or indirectly affects
nodeA again.Due to therelianceon repeatedfeedback,emergentprotocolsarecom-
monly iterative in nature,requiringseveral roundsof communicationbetweena node
andits neighborsbeforethenetwork asa wholeconvergeson thedesiredglobalprop-
erty.

Themainadvantagesof emergentprotocolsare:

– Sophisticatedapplications.Emergentalgorithmshave thepotentialfor moreeas-
ily expressingcomplex globalpropertiesthanlocalizedalgorithms.Iteratedfeed-
backallows thealgorithmto sidesteptheexplicit coordinationandcalculationre-
quiredfor suchtasksasef®cientclusterformationandpatternformation.

– Incr easedrobustnessagainst transient faults. The iteratednatureof emergent
protocolsfurther improvesrobustnessagainsttransientnodefailure,sincea small
numberof missingor incorrectinteractionsareunlikely to havealargeeffectdueto
thefactthatall interactionsarerepeatedseveraltimes.Thismayallow theprotocol
to toleratesomeerrorin consistency andsynchronizationbetweennodes.

Emergentprotocolsareoftenharderto designeffectively thanlocalizedalgorithms,
sincethe repeatedfeedbackcancreatecomplex interactionsthat aredif®cult to ana-
lyze. However, their increasedexpressive power androbustnessmake theman impor-
tantclassof algorithms,particularlyin large-scaledistributedsensornetworks.

3 Overview of sensornodeclustering and applications

Ef®ciently organizingsensornodesinto clustersis an importantapplicationin sensor
networks.Many proposedprotocolsfor bothsensornetworksandad-hocnetworksrely
on the creationof clustersof nodesto establisha regular logical structureon top of
which ef®cient functionscan be performed.For example,clusteringcan be usedto
perform dataaggregation to reducecommunicationsenergy overhead[10,26]; or to
facilitatequerieson thesensornetwork [6]; clusterscanbeusedto form aninfrastruc-
turefor scalablerouting[14,23]; clusteringalsocanbeusedfor ef®cientnetwork-wide
broadcast[19,20].Single-levelclusteringis suf®cientfor many applications;for others,
multi-level hierarchicalclusteringcanbe performed(by creatingclustersof clusters,
andsoon).

Theclusteringproblemis de®nedasfollows.At theendof theclusteringalgorithm,
the nodesshouldbe organizedinto disjoint sets(clusters). Eachclusterconsistsof a
cluster-head(clusterleader)andseveralclusterfollowers, all of whichshouldbewithin
onecommunicationradiusof the cluster-head,thus causingthe overall shapeof the
clusterto beroughlyacircleof onecommunicationradius,centeredonthecluster-head.
Eachnodebelongsto exactlyonecluster(i.e.,everynodechoosesonly oneleader, even
if theremay be several leaderswithin range).Given theseconstraints,our goal is to
selectthe smallestsetof clusterheadssuchthat all nodesin the network belongto a
cluster. Theproblemis similar to theminimumdominatingsetproblemin graphtheory.
Wenotethatif everynodeis in exactlyonecluster, thenmaximizingtheaveragecluster
sizeswhile maintainingfull coverageis exactlyequivalentto minimizingthenumberof
clusterheadswhile maintainingfull coverage.The purposeof minimising thenumber
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of clusterheadsis to provide an ef®cient cover of the network in order to minimize
clusteroverlap.This reducesthe amountof channelcontentionbetweenclusters,and
alsoimprovestheef®ciency of algorithms(suchasroutinganddataaggregation)that
executeat thelevel of thecluster-heads.

For brevity, wehavede®nedtheclusteringproblemasobtainingasingle-level clus-
tering.We notethat,assumingthatclusterheadscanestablishmultiple-hopcommuni-
cationsto neighboringclusterheadsof the samehierarchylevel, it is possibleto gen-
eralizeany single-level clusteringprotocolto multi-level hierarchicalclusteringby re-
peatedlyexecutingtheclusteringprotocolonthecluster-headsof eachlevel to generate
thecluster-headsof thenext level, andsoon.

Wesummarizein brief a few simpleexamplesof ef®cientprotocolsthatrely on the
effective solutionof thesingle-level clusteringproblem.A straightforwardexampleis
in dataaggregation.In an unclusterednetwork, if an aggregatequeryof sensorsover
a given sub-areais desired,the query needsto be forwardedto every sensorin the
sub-area,eachof which thenneedsto individually sendits reply to thebasestation.In
contrast,in aclusterednetwork, aqueryof sensorsoveragivensub-areaneedsonly be
forwardedto the relevant cluster-headwhich will thenqueryits followersandsenda
singleaggregatedreply.

As an exampleof the importanceof highly uniform clusteringwith low overlap,
considertheclusteredbroadcastprotocoldescribedby by Ni etal.[19]. In thisprotocol,
thebroadcastmessageis relayedfrom cluster-headto cluster-head,which thenbroad-
cast the messageto their followers. In a clusteringwith few clusterheadsand large
clustersizes,the clustershave minimal overlapandprovide the bestcoverageof the
network with the fewestclusters.Hence,the numberof repeatedbroadcasttransmis-
sionsover any areawill besmall, thusreducingtheamountof transmissioncollisions
andchannelcontention,allowing communicationsto becomefaster, moreef®cientand
morereliable.Ontheotherhand,apoorclusteringwith muchclusteroverlapandmany
cluster-headslosesmuchof thebene®tsof clusteringastransmissionswill berepeated
in areasof overlapwith signi®cantchannelcontention.

4 ACE — Algorithm for Cluster Establishment

In thissection,wepresentACE(theAlgorithm for ClusterEstablishment),anemergent
clusterformation algorithm.The algorithm consistsof two logical parts— the ®rst
controlshow clusterscanspawn (by having a nodeelect itself to be leader)and the
secondcontrolshow clustersmigratedynamicallyto reduceoverlap.In general,clusters
areonlycreatedwhentheoverlapof thenew clusterwith existingclustersis small.After
creation,clusterswill move apartfrom eachotherto minimize the amountof mutual
overlap,thusyieldinga near-optimalpackingin very few iterations.

4.1 Overview of the ACE protocol

We ®rst presenta high level overview of the protocol. ACE has two logical parts:
the spawningof new clustersandthe migration of existing clusters.New clustersare
spawnedin a self-elective process— whena nodedecidesto becomea clusterhead,
it will broadcasta RECRUIT messageto its neighbors,who will becomefollowersof
thenew cluster. A nodecanbea follower of morethanoneclusterwhile theprotocol
is running(it picks a singleclusterfor membershiponly at the endof the protocol).
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Migrationof anexistingclusteris controlledby theclusterhead.Eachclusterheadwill
periodicallyPOLL all its followers(i.e.,all its neighbors)to determinewhich is thebest
candidateto becomethenew leaderof thecluster. Thebestcandidateis thenodewhich,
if it wereto becomeclusterhead,wouldhavethegreatestnumberof nodesasfollowers
while minimizing theamountof overlapwith existingclusters.Oncethebestcandidate
is determinedby the currentclusterhead,it will PROMOTE the bestcandidateasthe
new clusterheadandABDICATE its positionastheold clusterhead.Thus,theposition
of the clusterwill appearto migrate in the directionof the new clusterheadassome
of the former followersof theold cluster-headareno longerpartof thecluster, while
somenew nodesnearthenew clusterheadbecomenew followersof thecluster.

4.2 Detaileddescription of the ACE protocol

In ACE,timesynchronizationis not required— thenodesmayin factstarttheprotocol
at slightly differenttimesdueto network delayor clock discrepancies.During thepro-
tocol, nodesrespondimmediatelyto communicationsfrom othernodes,but will only
initiate actionsat randomintervalsto avoid collisions.Eachtime thatanactioncanbe
initiatedfor a nodeis calleda node's iteration. Theiterationsof differentnodesdo not
needto be synchronized.The durationof the randomtime interval betweeniterations
(theiteration interval) is uniformly randomdistributed.

Wenow describetheoperationof ACEis describedin detail.A nodecanhavethree
possiblestates:it canbeunclustered(notafollowerof any cluster),clustered(afollower
of oneor moreclusters)or it maybe a cluster-head.In thebeginningof theprotocol,
all nodesareunclustered.Eachnodewaits for its next iteration(i.e., by waiting for a
randomiteration interval) beforedecidingon what actionto take on that iteration,if
any. Whena node's iterationarrives,its availablechoiceof actionsdependson what
stateit is currentlyin.

If anodeA is unclusteredwhenits next iterationarrives,it assessesits surroundings
andcountsthenumberl of loyal followersit wouldreceiveif it declareditself acluster-
headof a new cluster. A loyal follower is a follower of only one cluster. Hence,in
thiscase,thisnumberis thesameasthenumberof unclusteredneighborsthatA has.A
knowshow longit hasbeensinceit startedtheprotocol;call thistimet. It thencomputes
thespawningthresholdfunctionf min (t) (thedesignof f min will bedescribedlater).If
l � f min (t) thenA will spawn anew cluster. It doessoby generatingarandom(unique
with high probability)clusterID andbroadcastinga RECRUIT message.A's neighbors
will receive this messageandbecomefollowersof thenew cluster.

If anodeA is acluster-headwhenits next iterationarrives,it preparesto migrateits
cluster. It POLLsall of its neighborsto ®nd thebestcandidatefor thenew cluster-head.
Thebestcandidateleaderfor a clusteris thenodewith thelargestpotentialnumberof
loyal followersin its neighborset(recall thata loyal follower is a memberof only one
cluster).Hence,thebestcandidatefor thenew cluster-headis thenodewhich hasthe
largestnumberof nodesin its neighborsetwhich areeitherunclusteredor have A's
clusterastheir only cluster. By countingonly loyal followersandnot countingnodes
thatlie ontheoverlapof two or moreclusters,thebestcandidatenodeis generallyin the
directionof leastoverlapwith otherclusters.This generatesa repulsioneffectbetween
clusterswhich leadsto goodpackingef®ciency. If thebestcandidatefor cluster-headis
A itself, thenA doesnothing.Otherwise,supposethebestcandidateis somenodeB .
A will now MIGRATE theclusteronto thenew cluster-headB . It doessoby issuinga
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PROMOTE messageto B . Onreceiving thePROMOTE message,B will issuea RECRUIT
messagewith A's clusterID. This is similar to spawning a new clusterexceptthatan
existingclusterID is usedinsteadof generatinganew one.Theeffectof this is thatthe
neighborsof B that werenot in the clusterwill now be addedto the cluster(with B
asthe cluster-head),while theexisting membersof theclusterthatareB 's neighbors
will realizethat B is being promotedand thus updateB as their new cluster-head.
OnceA observesB 's RECRUIT message,it will thenissueanABDICATE messageto its
neighbors.Theeffectof thiswill bethatcommonneighborsof A andB will haveseen
B 's RECRUIT messagebeforehandandthusignorethe message;neighborsof A who
arenot neighborsof B will leave thecluster. Theneteffect of this sequenceof actions
is that leadershippassesfrom A to B andtheclusterasa wholemigratesfrom being
centeredaroundA to beingcenteredaroundB .

If anodeis clustered(i.e., it is a followerin oneor moreclusters),thenit doesnoth-
ing duringits iteration.It merelywaitsa randomiterationinterval for its next iteration
to arrive.

Eachnodeneedsto be able to ef®ciently ®nd out the numberof loyal followers
it may gain. This statecanbe ef®ciently maintainedby having all nodeskeeptrack
of the list of clustersthat eachneighboris in. Hence,whenever a nodebecomesa
follower in a new clusteror leavesan existing cluster, it broadcastsan updatelocally
to its neighbors.Theoverheadof thisupdatingis low becauseclustersgenerallydonot
make drasticshifts in positionduring migration,hencethe clustersetsof mostnodes
changeonly slowly with time. By keepingtrack of theseperiodicupdates,eachnode
can immediatelycomputehow many loyal followers it can gain without needingto
queryits neighbors.

Eachnoderunsthe protocol for at leasta time cI wherec is the desiredaverage
numberof iterationsper nodeand I is the expectedlength of the iteration interval.
After a nodehascompletedits iteration,if it still hasnot passedtime cI countingfrom
whenit startedrunningtheprotocol,thenit will wait anotherrandomiterationinterval
until its next iteration.

After a nodehaspassedtime cI sinceit startedrunning the protocol, it is ready
to terminatethe protocol.If the nodeis a cluster-head,it terminatesimmediatelyand
informsits neighborsthatit is done.If thenodeis a clusterednode,it waitsuntil all its
cluster-headshaveterminatedbeforechoosingoneatrandomto becomeits ®nalcluster-
head(it doesnot needto notify its neighborsthatit hasterminated).After termination,
thenodewill respondwith “N/A” to leadershippolls from clustersthathave migrated
into its rangeto indicateits unwillingnessto returnto theprotocol.

Parameter selection.In theprotocol,anunclusterednodewill spawn anew cluster
by declaringitself a clusterheadwhenever it ®ndsthat it cangainat leastfmin loyal
followersif it wereto becomeaclusterhead.Thefunctionf min is calledthespawning
thresholdfunctionandis dependenton thetime thathaspassedsincetheprotocolwas
initiatedfor thatnode.In general,f min shoulddecreaseasthealgorithmproceeds.This
causesfewerclustersto form nearthebeginningof thealgorithm.Fewerclustersin the
beginningmeansthattheclustershave moreroomto maneuver themselvesapartfrom
eachother, in orderto form thebasisfor anef®cientclustering.As time advances,the
algorithmthencausesthe gapsbetweenthe clustersto be ®lled in by spawning new
clustersmore andmore aggressively. We observe that the unclusteredgapsbetween
clustersdecreaseroughlyexponentiallyin sizewhenclustermigrationis takingplace.
Hence,in our implementation,we usedanexponentiallydecreasingfunctionfor f min :
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f min = (e� k1
t

cI � k2)d

In this formula,t is thetime passedsincetheprotocolbeganandcI is theduration
of theprotocolasdescribedearlier. d is theestimatedaveragedegree(numberof neigh-
bours)of a nodein thenetwork, andis pre-calculatedprior to deployment.k1 andk2
arechosenconstantsthatdeterminetheshapeof theexponentialgraph.

In practice,we have empirically foundthatk1 = 2:3 andk2 = 0:1 have produced
goodresults.In thiscase,f min startsat0:9d atthebeginningof theprotocolandreduces
to 0 by the®nal iteration.This ensuresthatany nodeleft unclusteredat theendof the
protocolwill declareitself aclusterhead.A nodeA may(rarely)®nd itself unclustered
attheendof theprotocolif its cluster-headmigratesawayfrom A afterA hascompleted
its lastiteration.To coverthiscase,anadditional“clean-up”iterationshouldberunafter
thealgorithmhascompletedfor everynode.During this®nal clean-upiteration,cluster
migrationis disabled,andany nodethat is still unclusteredshoulddeclareitself asa
cluster-head.Thiswill ensurethatevey nodein thenetwork is coveredby a cluster.

An alternative parametersettingis k1 = 2:3 asbefore,but settingk2 = 0. In this
casethe function startsneard whenthe protocolcommencesandreducesto 0:1d at
the endof the protocol.Since0:1d > 1 if d > 10, it is possiblethat therewill be
a small numberof nodesthat will not be within onehop radiusof any cluster-head
at the endof the algorithm.This meansthat this algorithmwould not strictly satisfy
the problemstatementdescribedin Section3. However, this settingstill haspractical
relevancebecausethenumberof unclusterednodesat theendof thealgorithmis small.
We observed in simulationthat the numberof nodesnot within one-hopradiusof a
cluster-headis, on average,lessthan 4% of the total numberof nodesin low node
deploymentdensities,andaround2% for moderateto high nodedeploymentdensities
(20or moreneighborspernode).Thesenodesthatarenotwithin onehopradiusof any
cluster-headcansimply pick a clusteredneighborto actastheir bridgeto thecluster-
head,thusbecomingtwo-hopfollowers (becausethey take2 hopsto communicatewith
thecluster-head,insteadof theusual1 hop).

It remainsto determinec, the numberof iterationsthe algorithmshouldexecute.
Figure1 re�ects how the performanceof ACE changesas it is given a longernum-
ber of iterationsto operate.ACE wassimulatedin a 2D areawith a uniform random
distribution with anaveragedeploymentdensityd of 50 nodespercircle of onecom-
municationradius.Resultsfor thesimulationwith k1 = 2:3 andk2 = 0:1 areshown
(resultsfor k2 = 0 have similar characteristics).We notethat increasingthe number
of iterationsabove 3 yieldedonly very slight improvementsin averageclustersize.In
our simulations,the total numberof iterationsdid not signi®cantlyaffect thestandard
deviation in clustersizes,which wasbetween6 and10 for all iterations> 1. Basedon
theseresults,we choosec = 3 asa numberof iterationsfor ACE thatprovidesa good
tradeoff betweencommunicationoverheadandclustersize.

Figure2 illustratestheACE algorithmoperatingin simulation(with k1 = 2:3 and
k2 = 0). The little circlesrepresentnodes.Cluster-headsarehighlightedin black,and
their rangeis indicatedwith a large black circle (nodeswithin the circle are in that
cluster).Theclustersmigrateaway from eachotherin successive iterationsto produce
a highly ef®cient cover of thearea.Clusterstendto centerover areaswherenodesare
dense.Theclustersoverlapminimally, andwhenthey do overlap,they tendto overlap
in areaswherenodesaresparse.Figure2d providesa qualitative visualcomparisonof
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Fig.1. Performanceof ACEat variousmaximumiterations,d = 50; k1 = 2:3; k2 = 0:1

theNodeID algorithmwith ACE.It canbeobservedthatACEprovidesapackingwith
signi®cantlylessclusteroverlapthanNodeID.

5 Performanceevaluation of ACE

To assessACE's performance,ACE wassimulatedandits performancewascompared
with awell-known2Dpacking(hexagonalclosepacking)aswell astwo otherclustering
algorithms,theNodeID algorithmandtheNodeDegreealgorithm.In our simulations
we simulatedboth ACE with full coverage(k1 = 2:3; k2 = 0:1), which we called
ACE-1andalsoACE with parametersthat leavesa small fractionof nodesuncovered
(k1 = 2:3; k2 = 0), whichwe call ACE-2.

Hexagonalclose-packing(HCP) is thewell-known honeycombpackingthatmini-
mizesoverlapbetweenuniform circularclusterswhile ensuringfull coverage.In gen-
eralthispackingis dif®cult to achieveunlessnodeshaveveryspeci®cinformationabout
their geographiclocations,e.g.asassumedZhangandArora [27], andeventhenacen-
tralizedalgorithmneedsto beusedto coordinatethehoneycombstructure,which leads
to lowerscalability. TheNodeID algorithmis agenericnamefor theclassof algorithms
relatedto LCA (LinkedClusterArchitecture)[2, 5]. In thisalgorithm,thenodewith the
highestID electsitself asacluster-head,followedby thenodewith thenext highestID
thatis notalreadyafollower, andsoonuntil all thenodeshavebeencovered.Thebasic
concepthasbeenrevisitedin variousarchitecturessuchasthosedescribedby Lin etal.
andGerlaetal. [9,17]. Amis etal. [1] improvedthealgorithmfor multi-hopclustersby
addingasecondpassin whichclusterswith low nodeIDsareexpandedto betterbalance
clustersize;howeverthis improvementhasnoeffecton1-hopclustershencewedonot
simulateit here.NagpalandCooreproposeavariationof theNodeID algorithmwhere
thenodesgeneratearandomnumberandstartcountingdown from it; whenthecounter
reacheszeroandthenodeis notalreadya follower in someclusterthenthenodeelects
itself ascluster-head[18]. This algorithmis similar to theNodeID algorithmwith the
bene®tthat it canberepeatedfor re-clusteringon successive epochs.Usingthedegree
of connectivity insteadof nodeID asa metricfor whichnodesto electascluster-heads
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(a) After 1 iteration (b) After 2 iterations

(c) After 3 iterations (d) The Node ID algorithm
(for comparison)

Fig.2. TheACEalgorithm(with k1 = 2:3 andk2 = 0)

hasbeenproposedBasagni[4] andGerlaetal. [9]. Thiscausesnodesin denserareasto
becomecluster-heads®rst.We modelthis algorithmastheNodeDegreealgorithm.

Thevariousalgorithmsweresimulatedon variousdeploymentsof 2500nodesin a
squareareawhereeachnode's coordinateswereuniformly random.In our simulation,
we assumethat thecommunicationlinks werebi-directionalandthat thecommunica-
tion rangeof all thenodesis uniform.500simulationsperalgorithmwererun for each
of thenodedensities(expectednumberof neighborsin a circle of onecommunication
radius)of d = 10; 20; 50; 100.

Figure3 shows therelative distributionsof clustersizesfor thevariousalgorithms
underthevariousnodedensitiessimulated.Figure4 comparestheaverageclustersizes
of thevariousalgorithmsasd varies.
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Algorithm 5.1ACE

procedure SCALE ONE ITERATION()
if myTime> 3� EXPECTED ITERATION LENGTH then

if myState= CLUSTER-HEAD then
return DONE

elseif myState= CLUSTERED then
wait for my cluster-headsto terminate,thenpick oneasmy cluster-head
return DONE

elseif myState= UNCLUSTERED then
pick a randomclusterednodeto actasmy proxyafterit terminates
wait for it to terminate,thenreturn DONE

end if
elseif myState= UNCLUSTERED
and numLoyalFollowers()� f min (myTime) then

myClusterID generateNew RandomID()
locally broadcast(RECRUIT, myID, myClusterID)

elseif myState= CLUSTER-HEAD then
bestLeader myID
bestFollowerCount numLoyalFollowers
for all n wheren is a potentialnew cluster-headdo

followerCount= Poll For Num Loyal Followers(n, myClusterID)
if followerCount> bestFollowerCountthen

bestLeader n
bestFollowerCount followerCount

end if
end for
if bestLeaderis not myID then

send(bestLeader, PROMOTE, myClusterID)
wait for bestLeaderto broadcastit' s RECRUIT message
locally broadcast(ABDICATE, myID, myClusterID)

end if
end if

endprocedure

It is clear that ACE exhibits superiorpackingef®ciency to either the NodeID or
NodeDegreealgorithms.ACE-1exhibits consistentperformanceof around0:7d aver-
ageclustersizefor all nodedensities.ACE-2exhibitsperformancearound0:8d average
clustersizes.For reference,theaverageclustersizefor theideal2D packingof HCPis
0:83d. ACEsometimesexceedstheratiofor HCPbecauseit intelligently formsclusters
aroundareaswherenodesaremostdenselydistributed,while choosingareasof overlap
wherethenodesareleastdenselydistributed.In comparison,bothNodeID andNode
Degreeconvergetowardsonly 0:5d for larged andneverperformbetterthan0:7d even
at low nodedensities.

Figure3 shows thatthevariancein clustersizesfor ACE is smallandonly slightly
largerthanthebaselinevarianceof thenumberof nodesin agivenarea(this is re�ected
in the varianceof clustersizesfor HCP). The low varianceandhigh averagecluster
sizesre�ect thattheACEalgorithmproducesgoodpackingef®ciency.
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Fig.3. Distributionof clustersizesfor variousclusterings

We investigatedthe performanceof the various algorithmsunder conditionsof
packet loss.Variousdeploymentsof d = 50weresimulatedwith packetlossratesrang-
ing from 0 to 20%.Packet losswassimulatedby having thesimulatednodesignorean
incomingmessagewith a probability correspondingto thepacket lossrate.Figure4b
re�ects theresults.Theperformanceof eachprotocoldegradesgracefullyunderpacket
loss.ACE-2 maintainsits large advantageover NodeID andNodeDegreeeven un-
der conditionsof heavy packet loss.ACE-1 degradesat a higherrateandapproaches
theperformanceof NodeID andNodeDegreeunderconditionsof highpacket loss,but
neveractuallyperformsworsethaneitheralgorithmunderthesimulatedconditions.We
notefurtherthatsincetheACE algorithmis localizedandrequireno centraldirection,
it is highly resistantto transmissionerrorsandrandomnodefailure. For example,a
centralizedalgorithmutilizing a BFStree(e.g.BannerjeeandKhuller's algorithm[3])
couldsuffer the lossof an entiresubtreeif oneof thenodeshigh in the treesuffersa
failure, thusleadingto failure of theprotocol.In our protocols,in theworst case,the
lossof a cluster-headnodewould leave at mostoneclusterof nodesunclustered.If a
cluster-headnodefails while executingtheprotocol,andthe failure is detectedby the
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Fig.4. Averageclustersizesof variousschemes

d 10 20 50 100
ACE-1 6.68 6.80 7.07 7.32
ACE-2 5.41 4.96 4.47 4.56

NodeID 1.17 1.09 1.04 1.02
NodeDeg. 1.17 1.09 1.04 1.02

Fig.5. Averagecommunicationsoverhead(pernodeperepoch)

followers,they canresettheir own statesto “unclustered”,thusallowing neighboring
clustersto migrateinto thenew vacantspaceor allowing a new clusterheadto spawn a
clusterwithin thevacantspace.Hence,theprotocolhasaninnateself-stabilizationprop-
erty. Theseadditionaladaptationsfor unreliablecommunicationswerenot simulated;
if they wereimplementedthey would likely further improve the protocol's resilience
towardsrandomnodefailuresandcommunicationerrors.

We alsomeasuredthe communicationsoverheadof the variousalgorithms.Each
transmissionwasconsideredoneunitof communication,andthe®nalclusterhandshake
whereall nodescon®rmmembershipwith their cluster-headswasalsoconsideredan
additionalunit of communication.The resultsare tabulatedin Figure 5. Becauseof
the low numberof iterationsneededby ACE (only 3 iterations),the communications
overheadis small,only averagingaround4 to 8 communicationspernodeper epoch.
Eachcommunicationis brief (atmostamessageidenti®er, anodeandclusteridenti®er,
andanumber).Hencetheoverallcommunicationsoverheadis smallcomparedwith the
normalcommunicationsloadfor thesensornetwork.

ACE exhibits scaleindependence(perfectscalability).The protocol takesa ®xed
amountof time, O(d), to completeregardlessof the total numberof the nodesin the
network. This is becauseit is astrictly localizedalgorithm(seede®nitionin Section2),
whereeachnodeis capableof operatingimmediatelyandindependentlyon local infor-
mationwithout needingany global informationto be computedby thenetwork. As a
result,bothrunningtime andper-nodecommunicationsoverheadof ACE areindepen-
dentof thetotal sizeof thenetwork.
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6 RelatedWork

In this section,we review relatedwork in localizedandemergentalgorithmsin sensor
networks,aswell asclusteringalgorithmsin general.

Currently, few practicalemergentalgorithmshave beendevelopedfor usein sen-
sornetworks.HendersonsuggestsusingTuring's reaction-diffusionequations[24] for
forming patternsin sensornetworks[11]. Theseapproachesarepromisingandindica-
tiveof thefuturepotentialof emergentalgorithms.

We now discussrelatedwork in clustering.Many clusteringprotocolscurrently
known areself-electiveprotocols,wherea nodecreatesa new clusterby declaringit-
self asa cluster-head.They differ in the heuristicusedto selectthe nodeswhich will
declarethemselves.ThenodeID andnodedegreeheuristicshavebeendiscussedin Sec-
tion 5. Examplesof nodeID basedclusteringprotocolsinclude[1,2,5,9,17].Basagni
proposesa nodedegreebasedclusteringprotocols[4]. Someresearchersproposeus-
ing a randomnumberasaheuristicfor cluster-headselection[8,12,18,25]. Estinetal.
proposeusingtheremainingenergy level of anodeasanotherheuristicfor cluster-head
selection[6].

RamanathanandSteenstrup[21], andKrishnan,Ramanathan,andSteenstrup[15]
proposea clusteringalgorithmthatcontrolsthesizeof eachclusterandthenumberof
hierarchicallevels.TheirclusteringapproachfollowsthenodeID approach.In general,
theseself-elective protocolsall suffer from the sameproblemof beingunableto pre-
venttwo nodeswhicharejustoveroneclusterradiusapartfrom simultaneouslyelecting
themselvesascluster-heads,thusleadingto a largeoverlapin their clusters.Suchover-
lap occurssuf®ciently frequentlyto make the resultantclusterpackinginef®cient, as
canbeseenin ourevaluationin Section5.

Theminimumdominatingset(MDS) problemin graphtheoryhasbeenaddressed
by several algorithms.The clusteringproblemis a specialcaseof the MDS problem
appliedto randomgeometricgraphs.While thesealgorithmshave provabletheoretical
asymptoticboundson performanceon arbitrary graphs,their actual averageperfor-
manceon a randomgeometricgraphis undetermined.We implementedin simulation
two algorithmsdescribedby Jia et al. [13] andKuhn et al. [16], however neitherof
themhadcomparableperformanceto even thesimpleNode-degreeor Node-ID algo-
rithmsunderourparticularsimulationconditions.We speculatethattherelatively poor
performanceof thesealgorithmsin simulationmay be due to the fact that they are
designedfor arbitrarygraphswhile dedicatedclusteringalgorithmsareoptimizedfor
randomgeometricgraphs.Hence,we did not run full simulationcomparisonsagainst
thesealgorithms.

Many centralized(non-localized)clusteringalgorithmsareknown,whichdealwith
the topology of the entire network as a whole. This classof algorithmsoften uses
graph-theoreticpropertiesfor clustering.In general,suchalgorithmsarenot asrobust
or scalableaslocalizedalgorithms,eventuallyrequiringsigni®cantcommunicationsor
computationoverheadfor very large networks. For example,Krishnaet al. [14] pro-
posesatechniquewhereeachclusterformsaclique,howevertheirapproachhasO(d3)
overhead.Someresearchersproposedtree-basedconstructionsfor networkpartitioning.
ThalerandRavishankarproposeto constructa top-down hierarchy, basedon aninitial
rootnode[22]. BanerjeeandKhuller alsoproposeatree-basedclusteringalgorithm[3].
A drawbackfor usingtheiralgorithmin sensornetworksis thatonly onenodeneedsto
initiate theclustering,andthattheprotocolstill requiresO(n) time in linearnetworks.
ZhangandArora presenta centralizedschemeto producean approximatehexagonal
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closepacking[27]. However, they assumethat eachnodeknows its preciselocation,
whichmaybedif®cult to achieve in sensornetworks.In general,besidesscalabilityis-
sues,mostthesenonlocalizedalgorithmsalsosuffer from increasedvulnerabilityof the
protocolto nodefailurein certainkey partsof thenetwork (usuallyneartherootof the
tree,or nearthebasestation).

7 Conclusion

We presentACE, theAlgorithm for ClusterEstablishment.ACE is an emergentalgo-
rithm thatusesjustthreeroundsof feedbackto inducetheformationof ahighly ef®cient
coverof uniformclustersoverthenetwork. Thisef®ciency of coverageapproachesthat
of hexagonalclose-packing.ACE is fast,robust againstpacket lossandnodefailure,
andef®cient in termsof communications.It completesin constanttime regardlessof
the sizeof the network andusesonly local communicationsbetweennodes.The al-
gorithm doesnot requiregeographiclocation informationor any kind of distanceor
directionalestimationbetweennodes.Besidesits practicalusefulness,ACE is a good
demonstrationof the power and�e xibility of emergent algorithmsin large-scaledis-
tributedsystems.
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