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Abstract. The efcient subdvision of a sensometwork into uniform, mostly
non-overlappingclustes of physicallyclosenodess animportantbuilding block
in thedesignof ef cient upperayernetwork functionssuchasrouting,broadcast,
dataaggr@ation,andqueryprocessing.

We presentACE, an algorithmthat resultsin highly uniform clusterformation
thatcanachieve a packingef ciency closeto hexagonalclose-packingBy using
the self-oilganizingpropertiesof threeroundsof feedbackbetweemodestheal-
gorithminducesthe emegentformationof clustersthatareanef cient cover of
the network, with signi cantly lessoverlapthanthe clustersformedby existing
algorithms.The algorithmis scale-independent- it completesn time propor
tional to the deployment densityof the nodesregardlessof the overall number
of nodesin the network. ACE requiresno knowledgeof geographidocationand
requiresonly a smallconstanamountof communication®verhead.

1 Intr oduction

Large-scaldistributed sensometworksare becomingincreasinglyusefulin a variety
of applicationssuchasemegeng responseieal-timetraf®c monitoring,critical infras-
tructuresurweillance,pollution monitoring, building safetymonitoring,andbattle®eld
operationsSuchnetworkstypically consistof hundredgo tensof thousandef low cost
sensomodes deployedvia individual installationor randomscatteringThe nodesare
usuallyhighly power-constraine@dndhave limited computatiorandmemoryresources.
They typically utilize intermittentwirelesscommunicationThe sensomnetwork is usu-
ally organizedaroundoneor morebasestationswhich connectthe sensometwork to
controlandprocessingvorkstationsor to anexternalcommunicationsietwork.
Clusteringis a fundamentaimechaniso designscalablesensometwork proto-
cols.A clusteringalgorithmsplitsthe network into disjoint setsof nodeseachcentering
arounda choserclusterhead A goodclusteringimposesaregular, high-level structure
onthenetwork. It is easietto designef®cient protocolson this high-level structurethan
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atthelevel of theindividual nodes.Many ef®cient protocolsrely on having a network
partitionednto clustersf uniform size.Someexamplesf theseprotocolsincluderout-
ing protocols [14,23], protocolsfor reliablebroadcasf{19, 20], dataaggreyation[10,
26], andqueryprocessing6]. We furtherdiscus<lusteringin Section3.

Corventionalalgorithmsthat use centralizedcontrol and global propertiesof the
sensonetwork have inherentdif®cultiesin the propertiesof scalabilityandrobustness,
whicharetwo importantdesigngoalsfor protocolsin large-scalesensonetworks.Cen-
tralized, top-davn algorithmsoften needto operatewith knowledgeof the conditions
andvariablesat every point of the network. In a very large network, the network traf®c
andtime delayinducedby the collection of this large amountof datamay be unde-
sirable.Finally, since somespeci®cnodes,commandsor dataare usually of higher
importancein a centralizedprotocol,an errorin transmissioror a failure of a critical
nodecould potentiallycausea seriousprotocolfailure.

As analternatve to centralizedalgorithms Jocalizedalgorithmsreducethe amount
of centralcoordinationnecessargndonly requireeachnodeto interactwith its local
neighbors[6]. While sometimesharderto design,thesealgorithmsdo not have the
limitationsof centralizedalgorithmsandareoftenhighly scalablefastandef®cient.

A classof localizedalgorithmsthat are particularly promisingare emegent algo-
rithms Emegentalgorithmshave theadditionalcharacteristithattheindividualagents
(i.e., the sensomodesin the caseof distributed sensometworks) only encodesimple
local behaiors and do not explicitly coordinateon a global scale.Throughrepeated
interactionandfeedbaclat theindividual level, global propertiessmepge in thesystem
asa whole. Emegentbehaiors are being studiedextensviely in biological, physical
andsocialsystems— suchsystemsreoftencollectively termedcomplex adaptivesys-
tems Examplegncludeantcoloniesecosystemsndstockmarkets.lt is possiblethat
emegentalgorithmshave thepotentialto bemore e xible thannon-emegentlocalized
algorithms,which are constrainedy the factthata complex global propertymay be
dif®cult to directly encoden aprogramthatcanactonly uponlocal information.

In this paperwe provide anintroductionto thede®nitionsandmotivationsof local-
ized andemepentalgorithms.To demonstratéhe potentialof emegentalgorithmsin
sensometworks, we presenta new emegentprotocolfor nodeclusteringcalledACE
(for Algorithm for ClusterEstablishment)ACE hashigh clusterpackingef®ciencgy ap-
proachinghatof hexagonalclose-packingandonly incursa smallconstanamountof
communicationsverheadACE is scale-independelfit completesn constantime re-
gardles®f thesizeof thenetwork) andoperatesvithoutneedinggeographiknowledge
of nodepositionsor ary kind of distanceor directionestimatiorbetweemodes.

2 Localized protocolsand emergent protocols

In this sectionwe de®nelocalizedandemegentprotocols,and discussthe particular
bene®tsandtradeoffs of usingtheseprotocolsin sensometworks.

2.1 Localizedprotocols
Estrinetal. [6] offer abroadde®nitionof alocalizedprotocol:

De nition 1. A localizedprotocol for a sensornetworkis a protocol in which eac
sensornode only communicatesvith a small set of other sensornodeswithin close
proximityin orderto achievea desiedglobal objective
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In this paper we usea narraver de®nition of localizedalgorithmsthat bettercon-
veystheintuition of localizedalgorithmsbeingfree from centralizeccontrol:

De nition 2. A strictly localizedprotocolfor a sensometworkis a localizedprotocol

in which all informationprocessedy a nodeis either: (a) local in nature (i.e. they are

propertiesof the nodes neighbos or itself); or (b) globalin nature (i.e. they are prop-

ertiesof thesensometworkas a whole),but obtainableimmediately(in shortconstant
time) by queryingonly thenodes neighbos or itself.

This narrover de®nitioncaptureshe notionthatin a goodlocalizedprotocol,each
nodeshouldbe capableof independensimultaneousperationin the protocolat any
period.For example,considera protocolthatinvolvesbuilding a spanningreein time
proportionalto the diameterof the network by doing a distributedbreadth-®rstsearch
involving only local communication(e.g.the Bannerjeeand Khuller clusteringalgo-
rithm [3]). Suchaprotocolwould bealocalizedprotocolby the ®rst de®nitionbut nota
strictly localizedprotocolby the secondie®nitionsincea spanningreeis a globaldata
structureandthe entirenetwork mustbetraversedbeforeit canbe computed.

In this paperwhenwe mention“localized protocols”or “localizedalgorithms”,we
will bereferringto strictly localizedprotocolsandalgorithms.

Localizedprotocolshave thefollowing bene®ts:

— Scalability. Localizedprotocolscanenablenodesto actindependentlyandsimul-
taneouslyin variouspartsof the network. Hence localizedprotocolsoften exhibit
betterscalabilityin large networks thancentrally controlledprotocols which may
have to wait for informationto propagatecrosghe network.

— Robustness.Wheninformationuseis purely local and no centralizedcontrol in-
frastructureis neededthe chancedor protocolfailure dueto transmissiorerrors
and nodefailure are reduced.lt is also more likely for performanceto degrade
gracefullyundercommunicatiorerrorratherthansimply fail or endupin anerro-
neousstate.Thisis becausé all informationis local,thentheimpactof ary datum
of informationis mostlik ely alsolocally limited. For example,if nocritical control
messagereedto beroutedacrosghe entirenetwork in alocalizedalgorithm,then
if anodefails thenit will mostlikely inducea failure of the protocolat mostonly
within its own vicinity.

2.2 Emergentprotocols

In this paper we make useof the de®nition of an emegentalgorithmas outlined by
FisherandLipson[7]:

De nition 3. An emergentalgorithm is any computationthat achievesformally or
stodasticallypredictableglobal effects by communicatinglirectlywith onlyabounded
numberof immediateneighbos andwithoutthe useof central contmol or global visibil-
ity.

Hence,anemegentprotocol for a sensometwork is alocalizedprotocolin which
the desiredglobal propertyis neitherexplicitly encodedn the protocolnor organized

by a centralauthority but emegesasaresultof repeatedocal interactionandfeedback
betweerthe nodes.



4 Haaven ChanandAdrian Perrig

Oneof the maindistinguishingcharacteristicef emegentprotocolsover otherlo-
calizedprotocolsis the existenceof feedbak during protocoloperation Feedbacloc-
curswhensomenodeA affectssomenodeB, which thendirectly or indirectly affects
nodeA again.Dueto therelianceon repeatedeedbackemepgentprotocolsarecom-
monly iterativein nature,requiringseveral roundsof communicatiorbetweena node
andits neighborsheforethe network asa whole convergeson the desiredglobal prop-
erty.

Themainadwantage®f emegentprotocolsare:

— Sophisticatedapplications. Emegentalgorithmshave the potentialfor moreeas-
ily expressingcomplex global propertiesthanlocalizedalgorithms.lteratedfeed-
backallows the algorithmto sidestepghe explicit coordinationandcalculationre-
quiredfor suchtasksasef®cient clusterformationandpatternformation.

— Increasedrobustnessagainst transient faults. The iteratednatureof emegent
protocolsfurtherimprovesrobustnessgainstiransientnodefailure, sincea small
numberof missingor incorrectinteractionsareunlikely to have alargeeffectdueto
thefactthatall interactionsaarerepeatedeveraltimes.This mayallow the protocol
to toleratesomeerrorin consisteng andsynchronizatiorbetweemodes.

Emegentprotocolsareoftenharderto designeffectively thanlocalizedalgorithms,
sincethe repeatedeedbackcan createcomple interactionsthat are dif®cult to ana-
lyze. However, their increasedxpressve power androbustnessnake theman impor-
tantclassof algorithms particularlyin large-scalaistributedsensomnetworks.

3 Overview of sensornode clustering and applications

Ef®ciently organizingsensomodesinto clustersis animportantapplicationin sensor
networks.Many proposedrotocolsfor bothsensonetworksandad-hocnetworksrely
on the creationof clustersof nodesto establisha regular logical structureon top of
which ef®cient functions can be performed.For example, clusteringcan be usedto
perform dataaggreyationto reducecommunicationsenepgy overhead[10,26]; or to
facilitatequerieson the sensometwork [6]; clusterscanbe usedto form aninfrastruc-
turefor scalableouting[14, 23]; clusteringalsocanbe usedfor ef®cientnetwork-wide
broadcasf19, 20]. Single-level clusteringis suf®cientfor mary applicationsfor others,
multi-level hierarchicalclusteringcan be performed(by creatingclustersof clusters,
andsoon).

Theclusteringproblemis de®nedasfollows. At theendof the clusteringalgorithm,
the nodesshouldbe organizedinto disjoint sets(clustes). Eachclusterconsistsof a
clusterhead(clusterleader)andseveralclusterfollowers, all of which shouldbewithin
one communicationradiusof the clusterhead,thus causingthe overall shapeof the
clusterto beroughlyacircle of onecommunicatiorradius,centeredntheclusterhead.
Eachnodebelonggo exactly onecluster(i.e.,everynodechoose®nly oneleadereven
if theremay be several leaderswithin range).Given theseconstraintspur goal is to
selectthe smallestsetof clusterheadssuchthatall nodesin the network belongto a
cluster Theproblemis similarto theminimumdominatingsetproblemin graphtheory
We notethatif everynodeis in exactlyonecluster thenmaximizingtheaveragecluster
sizeswhile maintainingfull coveragds exactly equivalentto minimizing the numberof
clusterheadsvhile maintainingfull coverage.The purposeof minimising the number
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of clusterheadsis to provide an ef®cient cover of the network in orderto minimize
clusteroverlap. This reduceghe amountof channelcontentionbetweenclusters,and
alsoimprovesthe ef®ciency of algorithms(suchasrouting and dataaggreyation)that
executeatthelevel of the clusterheads.

For brevity, we have de®nedtheclusteringproblemasobtaininga single-lesel clus-
tering. We notethat, assuminghat clusterheadsanestablishmultiple-hopcommuni-
cationsto neighboringclusterheadef the samehierarchylevel, it is possibleto gen-
eralizeary single-level clusteringprotocolto multi-level hierarchicalclusteringby re-
peatedlyexecutingtheclusteringprotocolontheclusterhead<f eachlevel to generate
the clusterhead=f the next level, andsoon.

We summarizen brief afew simpleexamplesof ef®cientprotocolsthatrely onthe
effective solutionof the single-level clusteringproblem.A straightforvard exampleis
in dataaggreation.In an unclusterechetwork, if anaggreatequeryof sensorsover
a given sub-areas desired,the query needsto be forwardedto every sensorin the
sub-areaeachof which thenneedgo individually sendits reply to the basestation.In
contrastjn aclusterechetwork, aqueryof sensorover a givensub-areaneedsonly be
forwardedto the relevant clusterheadwhich will thenqueryits followersandsenda
singleaggreyatedreply.

As an exampleof the importanceof highly uniform clusteringwith low overlap,
considettheclusteredroadcasprotocoldescribedy by Ni etal.[19]. In this protocol,
thebroadcasmessagés relayedfrom clusterheadto clusterheadwhich thenbroad-
castthe messagéo their followers. In a clusteringwith few clusterheadsnd large
clustersizes,the clustershave minimal overlap and provide the bestcoverageof the
network with the fewestclusters.Hence,the numberof repeatedroadcastransmis-
sionsover ary areawill be small,thusreducingthe amountof transmissiorcollisions
andchannekontentionallowing communicationgo becomeaster moreef®cientand
morereliable.Ontheotherhand,apoorclusteringwith muchclusteroverlapandmary
clusterheaddosesmuchof the bene®tsof clusteringastransmissionsvill berepeated
in areasf overlapwith signi®cantchannekontention.

4 ACE — Algorithm for Cluster Establishment

In thissectionwe presenfACE (the Algorithm for ClusterEstablishmentianemegent
clusterformation algorithm. The algorithm consistsof two logical parts— the ®rst
controlshow clusterscanspavn (by having a nodeelectitself to be leader)andthe
seconccontrolshow clusteranigratedynamicallyto reduceoverlap.In generalclusters
areonly createdvhentheoverlapof thenew clusterwith existingclusterss small.After

creation,clusterswill move apartfrom eachotherto minimize the amountof mutual
overlap,thusyielding a nearoptimal packingin very few iterations.

4.1 Overview of the ACE protocol

We ®rst presenta high level overview of the protocol. ACE hastwo logical parts:
the spawningof new clustersandthe migration of existing clusters.New clustersare
spawnedn a self-electve process— whena nodedecidesto becomea clusterhead,
it will broadcast RECRUIT messagéo its neighborswho will becomefollowers of

the new cluster A nodecanbe a follower of morethanoneclusterwhile the protocol
is running (it picks a single clusterfor membershipnly at the end of the protocol).
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Migration of anexisting clusteris controlledby the clusterhead Eachclusterheadwill
periodicallypoLL all its followers(i.e.,all its neighbors}o determinewnhichis the best
candidateo becomehenew leaderof the cluster Thebestcandidates the nodewhich,
if it wereto becomeclusterhead would have thegreateshumberof nodesasfollowers
while minimizing the amountof overlapwith existing clusters Oncethebestcandidate
is determinedby the currentclusterhead,it will PROMOTE the bestcandidateasthe
new clusterheadandABDICATE its positionasthe old clusterhead.Thus,the position
of the clusterwill appearto migrate in the directionof the new clusterheadassome
of the formerfollowersof the old clusterheadareno longerpart of the cluster while
somenew nodesnearthe new clusterheadbecomenew followersof the cluster

4.2 Detailed description of the ACE protocol

In ACE, time synchronizations notrequired— thenodesmayin factstarttheprotocol
atslightly differenttimesdueto network delayor clock discrepanciesDuring the pro-
tocol, nodesrespondmmediatelyto communicationgrom othernodes but will only
initiate actionsat randomintervalsto avoid collisions.Eachtime thatanactioncanbe
initiatedfor anodeis calleda nodes iteration. Theiterationsof differentnodesdo not
needto be synchronizedThe durationof the randomtime interval betweeniterations
(theiterationinterval) is uniformly randomdistributed.

We now describehe operationof ACE is describedn detail. A nodecanhavethree
possiblestatesit canbeunclusterednotafollowerof any cluster) clusteredafollower
of oneor moreclusters)or it may be a clusterhead.In the beginning of the protocol,
all nodesareunclusteredEachnodewaits for its next iteration (i.e., by waiting for a
randomiterationinterval) beforedecidingon what actionto take on thatiteration, if
ary. Whena nodes iteration arrives, its available choiceof actionsdependson what
stateit is currentlyin.

If anodeA is unclusteredvhenits next iterationarrives, it assessess surroundings
andcountsthenumber of loyal followersit wouldreceveif it declaredtself a cluster
headof a new cluster A loyal follower is a follower of only one cluster Hence,in
this casethis numberis the sameasthe numberof unclusteredeighborghatA has.A
knowshow longit hasbeersinceit startedheprotocol;call thistimet. It thencomputes
thespawninghresholdfunctionf i, (t) (thedesignof f min will bedescribedater).If
I fmin (t) thenA will spavn anew cluster It doessoby generatingarandom(unique
with high probability) clusterlD andbroadcastinga RECRUIT messageA's neighbors
will recevvethis messagandbecomeollowersof thenew cluster

If anodeA is aclusterheadwhenits next iterationarrives, it prepareso migrateits
cluster It poLLs all of its neighborgo ®nd the bestcandidatedor the new clusterhead.
The bestcandidatdeaderfor a clusteris the nodewith the largestpotentialnumberof
loyal followersin its neighborset(recallthata loyal follower is a memberof only one
cluster).Hence the bestcandidateor the new clusterheadis the nodewhich hasthe
largestnumberof nodesin its neighborsetwhich are either unclusteredr have A's
clusterastheir only cluster By countingonly loyal followersand not countingnodes
thatlie ontheoverlapof two or moreclustersthebestcandidatanodeis generallyin the
directionof leastoverlapwith otherclusters.This generatearepulsioneffectbetween
clusterswhich leadsto goodpackingef®ciengy. If the bestcandidatdor clusterheadis
A itself, thenA doesnothing.Otherwise supposdhe bestcandidatas somenodeB.
A will now MIGRATE the clusterontothe new clusterheadB . It doesso by issuinga
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PROMOTE messagéo B . Onreceving the PROMOTE messageB will issuea RECRUIT
messagavith A's clusterID. This is similar to spavning a new clusterexceptthatan
existing clusterlD is usedinsteadof generatinganew one.Theeffect of thisis thatthe
neighborsof B thatwerenot in the clusterwill now be addedto the cluster(with B
asthe clusterhead),while the existing membersof the clusterthatare B's neighbors
will realizethat B is being promotedand thus updateB astheir nen clusterhead.
OnceA obsenesB 's RECRUIT messagsdt will thenissueanABDICATE messagéo its
neighborsTheeffect of thiswill bethatcommonneighborsof A andB will have seen
B's RECRUIT messagdeforehandandthusignorethe messageneighborsof A who
arenotneighborsof B will leave the cluster The neteffect of this sequencef actions
is thatleadershipgpassesrom A to B andthe clusterasa whole migratesfrom being
centeredaroundA to beingcenteredaroundB .

If anodeis clusteredi.e., it is afollowerin oneor moreclusters)thenit doesnoth-
ing duringits iteration.It merelywaits a randomiterationinterval for its next iteration
to arrive.

Eachnodeneedsto be ableto ef®ciently ®nd out the numberof loyal followers
it may gain. This statecan be ef®ciently maintainedby having all nodeskeeptrack
of the list of clustersthat eachneighboris in. Hence,wheneer a node becomesa
follower in a new clusteror leavesan existing cluster it broadcast&n updatelocally
to its neighborsThe overheadf this updatingis low becauselustersgenerallydo not
malke drasticshifts in positionduring migration, hencethe clustersetsof mostnodes
changeonly slowly with time. By keepingtrack of theseperiodicupdatesgachnode
canimmediatelycomputehow mary loyal followersit can gain without needingto
queryits neighbors.

Eachnoderunsthe protocolfor at leasta time cl wherec is the desiredaverage
numberof iterationsper nodeand| is the expectedlength of the iteration interval.
After anodehascompletedts iteration,if it still hasnot passedimecl countingfrom
whenit startedrunningthe protocol,thenit will wait anotherrandomiterationinterval
until its next iteration.

After a nodehaspassedime cl sinceit startedrunningthe protocol,it is ready
to terminatethe protocol.If the nodeis a clusterhead,it terminatesmmediatelyand
informsits neighborghatit is done.If thenodeis a clusterechode,it waitsuntil all its
clusterheadshaveterminatedeforechoosingoneatrandonmto becomets ®nal cluster
head(it doesnot needto notify its neighborghatit hasterminated)After termination,
the nodewill respondwith “N/A” to leadershipolls from clustersthat have migrated
into its rangeto indicateits unwillingnessto returnto the protocol.

Parameter selection.In theprotocol,anunclusterechodewill spavn anew cluster
by declaringitself a clusterheadwheneer it ®ndsthatit cangain at leastfy, loyal
followersif it wereto becomea clusterhead.Thefunctionf ,j, is calledthe spawning
thresholdfunctionandis dependenon thetime thathaspassedincethe protocolwas
initiatedfor thatnode.In generalf nin shoulddecreasasthealgorithmproceedsThis
causedewer clustergo form nearthe beginningof thealgorithm.Fewer clustersin the
beginning meanghatthe clustershave moreroomto maneuerthemselesapartfrom
eachother in orderto form the basisfor an ef®cient clustering.As time advancesthe
algorithmthen causeghe gapsbetweenthe clustersto be ®lled in by spavning new
clustersmore and more aggressiely. We obsene that the unclusteredyapsbetween
clustersdecreaseoughly exponentiallyin sizewhenclustermigrationis taking place.
Hence,in ourimplementationye usedan exponentiallydecreasindunctionfor f i, :
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fmn = (e kg kz2)d

In thisformula,t is thetime passedincethe protocolbeganandcl is theduration
of theprotocolasdescribeckarlier d is theestimatedweragedegree(hnumberof neigh-
bours)of a nodein the network, andis pre-calculategrior to deployment.k; andk;
arechoserconstantshatdeterminghe shapeof the exponentialgraph.

In practice we have empirically foundthatk; = 2:3 andk, = 0:1 have produced
goodresultsinthiscasef min startsat0:9d atthebeginningof theprotocolandreduces
to 0 by the®nal iteration. This ensureghatarny nodeleft unclusteredat the endof the
protocolwill declareitself aclusterhead A nodeA may (rarely)®nd itself unclustered
attheendof theprotocolif its clusterheadmigratesaway from A afterA hascompleted
its lastiteration.To coverthis caseanadditional‘clean-up”iterationshouldberun after
thealgorithmhascompletedor every node .During this ®nal clean-upteration,cluster
migrationis disabled,andany nodethatis still unclusteredshoulddeclareitself asa
clusterhead. Thiswill ensurehatevey nodein thenetwork is coveredby a cluster

An alternatve parametesettingis k; = 2:3 asbefore,but settingk, = 0. In this
casethe function startsneard whenthe protocolcommences&ndreduceso 0:1d at
the end of the protocol.Since0:1d > 1if d > 10, it is possiblethat therewill be
a small numberof nodesthat will not be within one hop radiusof ary clusterhead
at the end of the algorithm. This meansthat this algorithmwould not strictly satisfy
the problemstatementlescribedn Section3. However, this settingstill haspractical
relevancebecaus¢henumberof unclusteredhodesat the endof thealgorithmis small.
We obsenred in simulationthat the numberof nodesnot within one-hopradiusof a
clusterheadis, on average,lessthan 4% of the total numberof nodesin low node
deploymentdensitiesandaround2% for moderateo high nodedeploymentdensities
(20 or moreneighborgpernode).Thesenodeshatarenotwithin onehopradiusof any
clusterheadcansimply pick a clusteredheighborto actastheir bridgeto the cluster
head thusbecomingwo-hopfollowers (becausehey take 2 hopsto communicatevith
theclusterhead insteadof the usuall hop).

It remainsto determinec, the numberof iterationsthe algorithm shouldexecute.
Figure 1 re ects how the performanceof ACE changesasit is given a longernum-
ber of iterationsto operate ACE was simulatedin a 2D areawith a uniform random
distribution with an averagedeploymentdensityd of 50 nodesper circle of onecom-
municationradius.Resultsfor the simulationwith k; = 2:3 andk, = 0:1 areshavn
(resultsfor ko = 0 have similar characteristics)We notethat increasingthe number
of iterationsabove 3 yieldedonly very slight improvementdn averageclustersize.In
our simulations the total numberof iterationsdid not signi®cantlyaffect the standard
deviationin clustersizeswhich wasbetweer6 and10 for all iterations> 1. Basedon

theseresults,we choosec = 3 asanumberof iterationsfor ACE thatprovidesa good
tradeof betweerncommunicatioroverheadandclustersize.

Figure? illustratesthe ACE algorithmoperatingin simulation(with k; = 2:3 and
ko = 0). Thelittle circlesrepresennhodes Clusterheadsare highlightedin black,and
their rangeis indicatedwith a large black circle (nodeswithin the circle arein that
cluster).The clustersmigrateaway from eachotherin successie iterationsto produce
a highly ef®cient cover of the area.Clusterstendto centerover areasvherenodesare
denseThe clustersoverlapminimally, andwhenthey do overlap,they tendto overlap
in areasvherenodesaresparseFigure2d providesa qualitative visual comparisorof
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Fig. 1. Performancef ACE at variousmaximumiterationsd = 50;k; = 2:3;k; = 0:1

theNodelD algorithmwith ACE. It canbeobsenredthatACE providesa packingwith
signi®cantlylessclusteroverlapthanNodelD.

5 Performanceevaluation of ACE

To asses#\CE's performanceACE wassimulatedandits performancavascompared
with awell-known 2D packing(hexagonaklosepacking)aswell astwo otherclustering
algorithms the NodelID algorithmandthe NodeDegreealgorithm.In our simulations
we simulatedboth ACE with full coverage(k; = 2:3;k, = 0:1), which we called
ACE-1andalsoACE with parametershatleavesa smallfraction of nodesuncovered
(ky = 2:3; ke = 0), whichwe call ACE-2.

Hexagonalclose-packindHCP) is the well-knawn hongycombpackingthat mini-
mizesoverlapbetweenuniform circular clusterswhile ensuringfull coverageln gen-
eralthispackingis dif®cultto achieve unlessnodeshave very speci®dnformationabout
their geographidocations.e.g.asassume@hangandArora[27], andeventhenacen-
tralizedalgorithmneedso be usedto coordinatehehone/combstructure whichleads
tolowerscalability TheNodelD algorithmis agenericnamefor theclassof algorithms
relatedto LCA (LinkedClusterArchitecture)2, 5]. In this algorithm,thenodewith the
highestiD electsitself asa clusterhead followedby the nodewith the next highestiD
thatis notalreadyafollower, andsoon until all thenodeshave beencovered.Thebasic
concepthasbeenrevisitedin variousarchitecturesuchasthosedescribedy Lin etal.
andGerlaetal. [9, 17]. Amis etal. [1] improvedthealgorithmfor multi-hopclustersby
addingasecondassn whichclusterswith low nodelDs areexpandedo betterbalance
clustersize;howeverthisimprovementhasno effecton 1-hopclustershencewe do not
simulateit here.NagpalandCooreproposea variationof theNodelID algorithmwhere
thenodeggenerata randomnumberandstartcountingdown from it; whenthecounter
reachegeroandthe nodeis notalreadya followerin someclusterthenthe nodeelects
itself asclusterhead[18]. This algorithmis similar to the NodelID algorithmwith the
bene®tthatit canbe repeatedor re-clusteringon successie epochsUsingthe degree
of connectity insteadof nodelD asa metricfor which nodesto electasclusterheads
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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. The ACE algorithm(with k; = 2:3 andk, = 0)

hasbeenproposedBasagni4] andGerlaetal. [9]. This causesiodesn densemareaso
becomeclusterheads®rst. We modelthis algorithmasthe NodeDegreealgorithm.

Thevariousalgorithmsweresimulatedon variousdeploymentsof 2500nodesin a
squareareawhereeachnodes coordinatesvereuniformly random.In our simulation,
we assumehatthe communicatiorinks were bi-directionalandthatthe communica-
tion rangeof all the nodesis uniform.500simulationsperalgorithmwererun for each
of the nodedensitieqexpectednumberof neighborsin a circle of onecommunication
radius)of d = 10; 20; 50; 100.

Figure 3 shows the relative distributions of clustersizesfor the variousalgorithms
underthevariousnodedensitiessimulated Figure4 compareshe averageclustersizes
of thevariousalgorithmsasd varies.
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Algorithm 5.1 ACE

procedure SCALE_ONE_ITERATION()
if myTme> 3 EXPECTED ITERATION LENGTH then
if myState= CLUSTER-HEAD then
return DONE
elseif myState= CLUSTERED then
wait for my clusterheadso terminatethenpick oneasmy clusterhead
return DONE
elseif myState= UNCLUSTERED then
pick arandomclusterechodeto actasmy proxy afterit terminates
wait for it to terminatethenreturn DONE
endif
elseif myState= UNCLUSTERED
and numLoyalFollowers() fmin (MyTme) then
myClusterID generateNew_RandomlD()
locally_broadcas®ecruiT, myID, myClusterlD
elseif myState= CLUSTER-HEAD then
bestLeader mylD
best®llowerCount numLoyalFollowers
for all n wheren is apotentialnew clusterheaddo
followerCount= Poll_For_.Num_Loyal_Followersf, myClusterID
if followerCount> best®llowerCountthen
bestLeader n
best®llowerCount followerCount
endif
endfor
if bestLeadeis not myIDthen
sendbestLeaderPROMOTE, myClusterlD
wait for bestLeadeto broadcasit's RECRUIT message
locally_broadcasgBDICATE, mylID, myClusterlD
endif
endif
end procedure

It is clearthat ACE exhibits superiorpackingef®ciengy to eitherthe NodeID or
NodeDegreealgorithms ACE-1 exhibits consistenperformanceof around0:7d aver-
ageclustersizefor all nodedensitiesACE-2exhibits performancearound):8d average
clustersizes.For referencethe averageclustersizefor theideal 2D packingof HCPis
0:83d. ACE sometime®xceedgheratiofor HCPbecausét intelligently formsclusters
aroundareasvherenodesaremostdenselydistributed,while choosingareasof overlap
wherethe nodesareleastdenselydistributed.ln comparisonpoth NodeID andNode
Degreecorvergetowardsonly 0:5d for larged andnever performbetterthan0:7d even
atlow nodedensities.

Figure3 shavs thatthe variancein clustersizesfor ACE is smallandonly slightly
largerthanthebaselinevarianceof the numberof nodesn agivenarea(thisis re ected
in the varianceof clustersizesfor HCP). The low varianceand high averagecluster
sizesre ect thatthe ACE algorithmproducegjoodpackingef®ciengy.
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We investigatedthe performanceof the various algorithmsunder conditions of
pacletloss.Variousdeploymentsof d = 50 weresimulatedwith pacletlossratesrang-
ing from 0 to 20%. Packet losswassimulatedby having the simulatednodesignorean
incoming messagevith a probability correspondindo the paclet lossrate. Figure4b
re ects theresults.The performancef eachprotocoldegradegracefullyunderpaclet
loss. ACE-2 maintainsits large advantageover Node ID and Node Degreeeven un-
der conditionsof heavy paclet loss.ACE-1 degradesat a higherrateandapproaches
theperformancef NodelD andNodeDegreeunderconditionsof high pacletloss,but
neveractuallyperformsworsethaneitheralgorithmunderthe simulatedconditionsWe
notefurtherthatsincethe ACE algorithmis localizedandrequireno centraldirection,
it is highly resistantto transmissiorerrorsand randomnodefailure. For example,a
centralizedalgorithmutilizing a BFStree(e.g.BannerjeeandKhuller's algorithm[3])
could suffer the lossof an entire subtreelf oneof the nodeshigh in thetreesuffersa
failure, thusleadingto failure of the protocol.In our protocols,in the worst case the
lossof a clusterheadnodewould leave at mostoneclusterof nodesunclusteredIf a
clusterheadnodefails while executingthe protocol,andthe failureis detectedy the
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d| 10| 20 50| 100
ACE-16.686.807.07|7.32
ACE-2/5.414.964.47/4.56
NodelD|1.17/1.091.04/1.02

NodeDeg.|1.17/1.091.041.02

Fig. 5. Averagecommunication®verheadpernodeperepoch)

followers,they canresettheir own statesto “unclustered” thusallowing neighboring
clustersto migrateinto the new vacantspaceor allowing a new clusterheado spavn a
clusterwithin thevacantspaceHencetheprotocolhasaninnateself-stabilizatiorprop-
erty. Theseadditionaladaptationgor unreliablecommunicationsvere not simulated;
if they wereimplementedhey would likely furtherimprove the protocol's resilience
towardsrandomnodefailuresandcommunicatiorerrors.

We also measuredhe communication®verheadof the variousalgorithms.Each
transmissionvasconsideredneunit of communicationandthe®nal clustethandshak&
whereall nodescon®rm membershipwith their clusterheadswasalso consideredan
additionalunit of communication.The resultsare tatulatedin Figure 5. Becauseof
the low numberof iterationsneededy ACE (only 3 iterations),the communications
overheads small, only averagingaround4 to 8 communicationger nodeper epoch.
Eachcommunications brief (at mosta messagéenti®er, anodeandclusteridenti®er,
andanumber)Hencethe overallcommunicationsverheads smallcomparedvith the
normalcommunicationsoadfor the sensonetwork.

ACE exhibits scaleindependencéperfectscalability). The protocol takes a ®xed
amountof time, O(d), to completeregardlessof the total numberof the nodesin the
network. Thisis becausé is a strictly localizedalgorithm(seede®nitionin Section2),
whereeachnodeis capableof operatingmmediatelyandindependentlynlocal infor-
mationwithout needingary globalinformationto be computedby the network. As a
result,bothrunningtime andpernodecommunication®verheadf ACE areindepen-
dentof thetotal sizeof the network.
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6 RelatedWork

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

Currently few practicalemegentalgorithmshave beendevelopedfor usein sen-
sor networks. Hendersorsuggestsising Turing's reaction-difusion equationg24] for
forming patternsn sensometworks[11]. Theseapproachesarepromisingandindica-
tive of the future potentialof emegentalgorithms.

We now discussrelatedwork in clustering.Many clusteringprotocolscurrently
known are self-electiveprotocols,wherea nodecreatesa new clusterby declaringit-
self asa clusterhead.They differ in the heuristicusedto selectthe nodeswhich will
declarehemseles.ThenodelD andnodedegreeheuristicchave beendiscussedh Sec-
tion 5. Examplesof nodelD basedclusteringprotocolsinclude[1, 2,5,9,17].Basagni
proposesa nodedegreebasedclusteringprotocols[4]. Someresearcherproposeus-
ing arandomnumberasa heuristicfor clusterheadselection8,12,18,25]. Estinetal.
proposeausingtheremainingenegy level of anodeasanotheteuristicfor clusterhead
selection6].

Ramanathamand Steenstrug21], andKrishnan,Ramanatharand Steenstrug15]
proposea clusteringalgorithmthat controlsthe size of eachclusterandthe numberof
hierarchicalevels.Their clusteringapproacHollowsthenodelD approachin general,
theseself-electve protocolsall suffer from the sameproblemof beingunableto pre-
venttwo nodeswvhicharejustoveroneclusterradiusapartfrom simultaneouslglecting
themselesasclusterheadsthusleadingto alargeoverlapin their clusters Suchover
lap occurssuf®ciently frequentlyto male the resultantclusterpackinginef®cient, as
canbeseenin ourevaluationin Section5.

The minimumdominatingset (MDS) problemin graphtheoryhasbeenaddressed
by several algorithms.The clusteringproblemis a specialcaseof the MDS problem
appliedto randomgeometriographs While thesealgorithmshave provabletheoretical
asymptoticbhoundson performanceon arbitrary graphs,their actual averageperfor
manceon a randomgeometricgraphis undeterminedWe implementedn simulation
two algorithmsdescribedby Jia et al. [13] and Kuhn et al. [16], however neither of
themhad comparablgerformanceo eventhe simple Node-dgreeor Node-I1D algo-
rithmsunderour particularsimulationconditions We speculateéhatthe relatively poor
performanceof thesealgorithmsin simulationmay be due to the fact that they are
designedor arbitrary graphswhile dedicatedcclusteringalgorithmsare optimizedfor
randomgeometricgraphs.Hence,we did not run full simulationcomparisonsgainst
thesealgorithms.

Many centralizednon-localized)lusteringalgorithmsareknown, which dealwith
the topology of the entire network as a whole. This classof algorithmsoften uses
graph-theoretipropertiedfor clustering.In general,suchalgorithmsarenot asrobust
or scalableaslocalizedalgorithms,eventuallyrequiringsigni®cantcommunicationsr
computationoverheadfor very large networks. For example,Krishnaet al. [14] pro-
posesatechniquevhereeachclusterformsaclique,howevertheir approacthasO(d?)
overheadSomeresearchergroposedree-basedonstructiongor network partitioning.
ThalerandRavishankarmproposeo constructa top-dovn hierarchy basedon aninitial
rootnode[22]. BanerjeeandKhuller alsoproposeatree-basedlusteringalgorithm[3].
A drawbackfor usingtheiralgorithmin sensonetworksis thatonly onenodeneedgo
initiate the clustering,andthatthe protocolstill requiresO(n) timein linear networks.
Zhangand Arora presenta centralizedschemeto producean approximatenexagonal
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closepacking[27]. However, they assumehat eachnodeknows its preciselocation,
which maybedif®cult to achieve in sensometworks.In generalbesidescalabilityis-
suesmostthesenonlocalizedalgorithmsalsosuffer from increasedulnerability of the
protocolto nodefailurein certainkey partsof the network (usuallyneartheroot of the
tree,or nearthe basestation).

7 Conclusion

We presentACE, the Algorithm for ClusterEstablishmentACE is an emepgentalgo-
rithm thatusegustthreeroundsof feedbacko inducetheformationof ahighly ef®cient
cover of uniform clustersoverthenetwork. This ef®ciencgy of coverageapproachethat
of hexagonalclose-packingACE is fast, robust againstpaclet lossand nodefailure,
andef®cientin termsof communicationslt completesn constantime regardlessof
the size of the network and usesonly local communicationdetweennodes.The al-

gorithm doesnot requiregeographidocationinformation or any kind of distanceor

directionalestimationbetweemodes Besidests practicalusefulnessACE is a good
demonstratiorof the power and e xibility of emegent algorithmsin large-scaledis-

tributedsystems.
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