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Abstract

Clusteringis a standardapproacHor achievzing ef cient andscalableperformance
in wirelesssensometworks. Clusteringalgorithmsare mostly heuristicin natureand
aim at generatinghe minimumnumberof disjoint clusters.In this report,we formu-
latethe overlappingmulti-hopclusteringproblemasanextensionto the k-dominating
setproblem. Thenwe proposea fast, randomizeddistributed multi-hop clustering
algorithm (OK) for organizing the sensordan a wirelesssensornetwork into over
lapping clusterswith the goal of minimizing the overall communicationoverhead,
andprocessingompleity. OK assumes quasi-stationaryetwork wherenodesare
location-unavareandhave equalsigni cance. No synchronizations neededetween
nodes.OK is scalablethe clusteringformationterminatesn a constantime regard-
lessof the network topology or size. The protocolincurslow overheadin termsof
processingyclesandmessageaexchangedWe analyzethe effect of differentparam-
eters(e.g. nodedensity network connectvity) on the performanceof the clustering
algorithmin termsof communicatioroverhead hodecoverage,and averagecluster
size. Theresultsshowv that althoughwe have overlappedclustersthe OK clustering

algorithmstill producesapproximatelyequal-sizectlusters.

Keywords: multi-hop clustering, k-dominatingset, weakly connecteddominatingset,

scalability ad-hocnetworks, wirelesssensomnetworks, algorithms.

1 Intr oduction

In recentyears,wirelessad-hocsensometworks have attractedmuchinterestin the wire-
lessresearclcommunityasa fundamentallynew tool for a wide rangeof monitoringand
data-gtheringapplications.In generalsensometworks classifyasad-hocnetworks, how-
ever, sensometworkshave their own uniquefeatures Sensomnetworkstypically consistof
hundredgo thousand®f unattendegdensomodesrandomlyspreadover the areathatis to
be probed. In a typical architectureof a sensometwork, the datacollectedby eachsen-
soris communicatedhroughthe network, usinga radio, to a single processingcommand

centerthatusesall reporteddatato determinecharacteristicef the ernvironmentor detect



anevent. Sensomodesaresigni cantly constrainedn the amountof availableresources
suchasenepy, storageandcomputationatapacity Dueto enegy constraintsasensorcan

communicatedirectly only with othersensorghatarewithin a smalldistance.To enable
communicatiorbetweersensorsiot within eachother's communicatiomrange the sensors
form a multi-hop communicatiometwork. Sensomodesareusuallyassumedo be static.

Theseconstraintsnake the designandoperationof sensomnetworksconsiderabhydifferent

from contemporarad-hocnetworks.

Clusteringis a standardapproachfor achieving ef cient and scalableperformance
in wirelesssensometworks. Clusteringfacilitatesthe distribution of controlover the net-
work and, hence enabledocality of communication.Clusteringnodesinto groupssaves
enegy andreducesetwork contentiorbecaus@odescommunicatéheir dataover shorter
distancego their respectre clusterheadsThe clusterhead$orward the aggreyatedinfor-
mationto the basestation. Only the clusterheadsieedto communicatdar distancedo
the basestation; this burdencan be alleviated further by hierarchicalclustering,i.e., by
applyingclusteringrecursvely over the clusterheadsf alower level.

Many clusteringprotocolshave beeninvestigatedaseitherstandalongrotocols[6,
33,8, 10,31, 49, 9, 21, 4, 26, 47, 7, 5, 60, 39, 32] or asa side effect of otherprotocol
operationse.g.,in thecontext of routingprotocolg44, 48, 39], or in topologymanagement
protocolg[58, 22, 18]. Themajority of thoseprotocolsconstructtlustersvhereevery node
in thenetwork is nomorethanl hopaway from aclusterhead6, 33,10,8, 31,60,32,39|.
We call thesesingle hop (1-hop)clusters. In large networks this approachmay generate
a large numberof clusterheadsandeventuallyleadto the sameproblemasif thereis no
clustering.Few papershave addressethe problemof multi-hop(k-hop) clustering[5, 7].
Thesealgorithmsaremostlyheuristicin natureandaim atgeneratingheminimumnumber
of disjoint clusterssuchthatany nodein ary clusteris at mostk hopsaway from only one
clusterhead.The proposedOK clusteringalgorithmbelongsto the multi-hop category.

In thelastfew years,therehave beenfew clusteringalgorithmsdesignedor sensor
networks[60, 7, 39, 32, 37, 35]. Most of thosealgorithmsaim at generatinghe minimum
numberof disjoint clustersthatmaximizethe network lifetime. The algorithmsdiscussed

in [39, 60, 7] arerandomizedvherethesensorglectthemselesasclusterhneadsvith some



probability p andbroadcastheir decisiongo neighbomodes.The remainingsensorgoin
theclusterof theclusterheadthatrequiresminimumcommunicatiorenegy. Theproposed
OK clusteringprotocol belongsto the classof randomizedalgorithms. Both the HEED
algorithm[60] andLEACH algorithm[39] form single-hopnon-overlappingclusterswith
the objective of prolongingnetwork lifetime. In [7], the authorsproposeda LEACH-like
randomizedmulti-hop clusteringalgorithm for organizing the sensordn a hierarcly of
clusterswith anobjective of minimizingtheenegy spentin communicatingheinformation
to theprocessingenter Noneof the above algorithmsconstrucoverlappingclusters.

In this report,we proposea fast,randomizeddistributedmulti-hop clusteringalgo-
rithm (OK) for organizingthesensorsn awirelesssensonetwork in overlappingclusters.
After theterminationof the clusteringprocesseachnodeis eithera clusterheador within
k hopsfrom at leastone clusterhead,wherek (clusterradiug is a parametein the al-
gorithm. To the bestof our knowledge,this is the rst paperto discussthe problemof
overlappingmulti-hop clustering. OK operatesn quasi-stationaryetworks wherenodes
are location-unavare and have equalsigni cance. The protocolincurslow overheadin
termsof processingyclesandmessagesxchanged OK wasdesignedwvith thefollowing

goals:

1. Is completelydistributed(i.e. eachnodeindependentlynakesits decisionsasedn

localinformationandwithoutary centralizeccontrol).

2. Is scalablein termsof processingime (i.e. the clusteringprocesserminatesn a
constantimeindependentf network size)andin termsof communicatioroverhead

(thenumberof controlmessagesansmittedy nodeis independentf network size).
3. Doesnot make ary assumptiongaboutthelocationof thenodes.

4. Is asynchronougDueto thelarge numberof nodesinvolved, it is desirableo let the
nodesoperateasynchronouslyOK doesnot assumery kind of clock synchroniza-
tion betweemodeshence Theclocksynchronizatiomverheads avoided,providing

additionalprocessingavings).



5. Isenegy efcient in termsof processingompleity andmessagexchanggcontrol

overheads linearin the numberof nodes).

6. Is ef cient in termsof memoryusedby the datastructuresequiredto implementthe

algorithm.
7. Choosesglusterheadghatarewell distributedover thesensoreld.
8. Allows multi-hopclustersto beformed.

9. Ensureoverlappedlusterswith someaverageoverlappingdegree.

To the bestof our knowledge, the proposedalgorithm s the rst algorithmto address
the above goalsin anintegratedmanner We formulatethe overlappingk-hop clustering
problemasan extensionto the k-dominatingsetproblem[38]. Thenwe proposeOK, a
randomizedmulti-hop distributed algorithmto solve the problem. The nodesrandomly
electthemselesasclusterheadswvith someprobability p. The clusterheadprobability (p)
is anotheparametein thealgorithmthatcanbetunedto controlthenumberof overlapping
clustersin the network. The clusteringprocesgerminatesn O(1) iterations,independent
of the network diameter It doesnot dependon the network topology or size. We also
analyzethe effect of differentparameterge.g. nodedensity network connectity) on
the performanceof the clusteringalgorithmin termsof communicationoverhead,node
coverage,and averageclustersize. The resultsshav that althoughwe have overlapped
clusters,the OK clusteringalgorithm still producesapproximatelyequal-sizedclusters,
which is a desirablepropertybecauseat enablesan even distribution of control between
clusterheadnodes.

The paperis organizedasfollows. In the remainderof this sectionwe go through
someof theapplicationof theproposedlgorithm. Sectionll describeshenetwork model
andstateghe problemthatwe addressn this work. Sectionlll presentghe OK protocol
architectureandprovesthatit satis esits designgoals.SectionlV shavsthe performance
of OK via simulationsandin sectionV, we provide analyticalmodelsfor the results. We

study the compleity and correctnes®f the proposedorotocolin sectionVI. Then,sec-



tion VIl briey surweysrelatedwork. Finally, SectionVIIl givesconcludingremarksand

suggestion$or futurework.

1.1 Applications of the OK Clustering Algorithm

Most of clusteringalgorithmshave a primarygoalof producingapproximatelyequal-sized
non-overlappingclusters.Equal-sizedtlusterds adesirablgropertybecausdt enablesan
evendistribution of control (e.g.,dataprocessingaggreation, storageload) over cluster
heads;no clusterheadis overburdenedor underutilized. However, having overlapping
clusterswith somedegreeis desirableandbene cialin someapplicationge.g.nodelocal-
ization[62, 61,53, 43], routing [45], TDMA-basedMAC [57]). The nodesthatbelongto
two or moreclusterscansene asgatevaysfor inter-clusterheadcommunicatiorwhenthe
clusterheadsdo not have long rangecommunicatiorcapabilities.

Overlappedlusterscanboostthenetwork robustnessgainstnodefailureor compro-
mise. Giventheresourceconstraintssensomodesbecomedysfunctionakatherfastwhen
they depleteall their on-boardenegy supply In addition,sensorsare often deployedin
harshervironmentsandthusexposedo damageMoreover, sensonetworksusuallyoper
ateunattendednakingthe nodesaneasytargetfor captureby anadwersary While theloss
of asensonodecanbetoleratedgiventhelarge nodepopulationrecoveringfrom thefail-
ure or the compromiseof a clusterheadis a challenge.Pursuingcontemporaryclustering
scheme®sftenrequiresprovisioning for recovery throughthe deployment/designatioof a
spareclusterhead which causesesourceaunderutilization pr throughperformingnetwork
re-initializationto form new clusterswhichis a slow anddisruptive process Establishing
overlappectlustersvould facilitateandexpeditetherecovery processincenodescanjoin
othersalternateclusters.

Another applicationfor overlappingclustersis andor-free localization. Recently
therehasbeena greatinterestin anchor-free(GPS-feg nodelocalizationespeciallyin the
contet of sensonetworks[62, 61, 17,54,53,43]. Anchorfreelocalizationalgorithmstry
to computenodes'positionswithout the useof anchornodes(i.e. nodesthat know their

positionsusuallyusing GPS. In this case,insteadof computingabsolutenodepositions,



the algorithmestimategelative positioning,in which the coordinatesystemis established
by areferencegroupof noded62, 17, 54,53]. Thenetwork is dividedinto smallclustersof
nodeswvhereeachclusterhasits own coordinatesystem.Thenthe clusterheadscommuni-
catewith eachotherin orderto calculateheglobalnetwork topologyby transformingrom
onecoordinatesystemto another In orderfor two clusterheadso performthis transfor
mation,theremustbe at leastthreeboundarynodes (i.e. thetwo clustersareoverlapping
with degreeat least3). The proposedOK algorithmcanbe usedin this caseto guarantee
with high probabilitythatthe clustershave anoverlappingdegreeof atleastthree.
Overlappingclusterscanalsobe usedin caseof clusterbasedouting protocols[20,
45, 30]. For example,the authorsin [45] developeda routing protocolthat usesa single
boundarynodein orderto routebetweeroverlappingclusters(in this casethe overlapping
degreeis 1). Althoughthey usedonly oneboundarynodeto simplify the clusteringalgo-
rithm, they recommendedsingmultiple boundarynodes.Using multiple boundarynodes
will be more robust and also distribute paclet-forwarding load betweenclusters. Their

algorithmscanbeextendedeasilyto bene t from overlappingclustersasgeneratedby OK.

2 Problem Formulation

An ad-hocnetwork canbemodeledasagraphG = (V; E), wheretwo nodesareconnected
by anedgeif they cancommunicatevith eachother If all nodesarelocatedin the plane
andhave thesametransmissiomange (T, ), thenG is calledaunit diskgraph Wewill start
by describingthe consideredgystemmodel. Then,we will review a numberof de nitions

from graphtheorythatwill beusedin the problemformulation.Finally, we will formulate

theoverlappingk-hop clusteringproblemasanextensionto the k-dominatingsetproblem.

2.1 SystemModel

We considera wirelesssensornetwork where all nodesare alike and eachnode hasa
uniqueid. Thenodesarelocation-unavare,i.e. notequippedwvith GPS.Thereareneither

basestationsnor infrastructuresupportto coordinatethe actwities of subsetsof nodes.

1A boundarynodeis a nodethatbelongsto morethanonecluster
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Therefore,all the nodeshave to collectively make decisions. We assumehat the nodes
arestatic. This assumptioraboutnodemobility is typical for sensometworks. All sensors
transmitat the samepower level andhencehave the sametransmissiommrange(T,). Each
sensowusesl unit of enegy to transmitor receve 1 unit of data.\We alsoassumehatnodes
have timers,but we do notrequiretime synchronizatioracrosghenodes.Timersareused
for taskssuchastiming out of anodewhenwaiting on a condition.

All communicatioris over a singlesharedwirelesschannel.A wirelesslink canbe
establishethetweerapairof nodesonly if they arewithin wirelessrangeof eachother The
OK algorithmonly considerdidirectionallinks. It is assumedhe MAC layerwill mask
unidirectionallinks and passbidirectionallinks to OK. Two nodesthat have a wireless
link will, henceforthpe saidto be 1-hopaway from eachother They arealsosaidto be

immediateneighbors Nodescanidentify neighborausingbeacons.

2.2 De nitions

Let n denotethe numberof vertices(nodes)and e denotethe numberof edges. Thatis,
n = jVjande= jEj. Let S beasubsebf nodes.We shallusehSi to denotethe subgraph
inducedby the setS.

OpenNeighborSet N (u) = fvj(u;Vv) 2 Eg, isthesetof verticesthatareneighbors
S
of u. Forasetof nodesS, N(S) = ,5N(u).

ClosedNeighborSet N [u] = N (u) [ fug, is thesetof neighborsof u andu itself.
S
Forasetof nodesS,N[S] = ,sN[u]= N(S)[ S.

NodeDegree deg(u) = jN (u)j.

GraphDistance dg (u; v), thedistancebetweertwo verticesu andv is theminimum

numberof edgesnau v path.

GraphPower, thekth powerof agraphG (G¥) is agraphwith thesamesetof vertices
asG andanedgebetweertwo verticesiff thereis a pathof lengthat mostk between
them[55]. GivenG = (V;E) thenGX = (V;EK) whereEX = f(u;v)j] u;v 2
V and dg(u;v) k.
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Independen$et is asubsebf V suchthatnotwo verticeswithin the setareadjacent

inV.

Maximal Independenset(MIS), is anindependensetsuchthat addingary vertex
notin the setbreakstheindependenceropertyof the set. Thus,ary vertex outside
of the maximalindependensetmustbe adjacento somevertex in the set. Finding
the MIS is NP-Hard[34].

DominatingSet S, is de ned asa subsetof V suchthateachvertexin V.  S'is
adjacento atleastonevertex in S. Thus,every MIS is adominatingset. However,
sinceverticesn adominatingsetmaybeadjacento eachother noteverydominating

setis anMIS. Findinga minimum-sizeddominatingsetor MDS is NP-Hard[34].

Minimum DominatingSet(MDS) is the dominatingsetwith minimum cardinality

EachMIS is alsoanMDS. Findingthe MDS is alsoNP-Hard[34].

ConnectedominatingSet(CDS) S, is a dominatingsetof G thatinducesa con-
nectedsubgraplof G (i.e. hSi is connected)Oneapproactio constructinga CDSis
to nd anMIS, andthenaddadditionalverticesasneededo connecthe verticesin

theMIS.

MinimumConnectedominatingSet(MCDS is a CDS with minimum cardinality

Findingthe MCDS is alsoNP-Hard[34].

Weakly ConnecteddominatedSet(WCDS) S, is a dominatingsetsuchthat N [S]
inducesa connectedsubgraphof G (i.e. IN[S]i is connected).Given a connected
graphG, all of thedominatingsetsof G areweakly connected Computinga mini-
mumWCDSis NP-Hard[34].

Total DominatingSet,S is a total dominatingsetif every vertex u 2 V is adjacent
to avertex in S. In this contet a vertex doesnot dominateitself. Equivalently

S
os N(s) = V.

Theabove de nitions canbegeneralizedor the multi-hop (k-hop) caseasfollows:

11



k-ConnectedSet S, a setS is saidto be k connectedf eachvertex in S is within

distancek from atleastoneothervertex in S, wherek  1is aninteger.

Openk-NeighborSet N (u) = fvjdg(u;V) kg, is the setof vertices,differ-
entfrom u, thatareat distanceat mostk from u. For a setof nodesS, N(S) =
S

uzs Nk(U).

Closedk-NeighborSet Ny [u] = Ny(u) [ fug, is the setof k-neighborsof u andu
itself. If u is a clusterhead,thenN[u] is the setof all verticesin the clusterand

S
JNi[u]j is theclustersize.For asetof nodesS, Ny [S] =  ,5 Nk[u] = Nk (S) [ S.
Nodek-Degree degy(u) = jNk(u)j.

k-Independenget(KIS), S, is asubsebf V suchthatfor any two verticesu,v 2 S,
ds(u;v) > k.

k-DominatingSet(KDS) OR DistanceDomination S, is de ned asa subsetof V
suchthateachvertex in V S is within distancek from at leastonevertex in S,

wherek > 1isaninteger Thatis Ny[S] = V.

k-ConnectedominatingSet(KCDS) S, is a k-dominatingsetof G thatinducesa

connectedgubgraptof G (i.e. hSi is connected).

k-Weakly ConnectedDominatingSet(KWCDS) S, is a k-dominatingsetof G and
S is a2k connectedet(i.e. eachvertex in S is within distance2k from atleastone

othervertex in S, wherek > 1is aninteger).

Total k-DominatingSetOR Total DistanceDomination,Let k > 1 beaninteger, a
setS is atotal k-dominatingsetif every vertex u 2 V is within distancek from at

leastonevertex in S otherthanitself (i.e. avertex doesnot k-dominateitself).

k-IndependenDominatingSet(KIDS), is a subsetof V thatis both k-independent

andk-dominating.

To clarify the above de nitions, we will usethe graphin Fig. 1 asanillustrative

example. For the graphshovn, S; = fA; Gg is a 2-dominatingset (2DS) andit is also

12



Figurel: lllustrative Example

a 2-independenset (2IS); hence;S; is a 2-independent-dominatinget (2IDS). The set
S, = fC;D; E; Gg a2-connected-dominatinget(2CDS).Thesetis S; = fC; Ggisa2-
weakly-connected-dominatirsgt(2WCDS).ThesetS, = f C; E; Hg atotal2-dominating

set.

2.3 The OverlappedK-hop (OK) Clustering Problem

Givenanad-hometwork thatis modelledasaunitdiskgraphG = (V, E), theOK clustering

problemcanbeformulatedas nding the setof nodesS suchthat:

1. Coverage Condition S is aKDS. This meanghateachnodeis eithera clusterhead

or within k hopsfrom aclusterhead(i.e. N¢[S] = V).

2. OverlappingCondition For eachnodeu 2 S9 atleastonenodev 2 S suchthat
Ng[u]\ Ng[v] !, where! isacertainthreshold.In otherworlds,for eachcluster

thereexists at leastone other clusterthat overlapswith it with overlappingdegree

3. ConnectivityCondition S is k-Weakly ConnecteddominatingSet(KWCDS. This
meanghatS is a 2k connectedset(i.e. eachnodein S is within distance2k from
atleastoneothernodein S, wherek > 1 is aninteger). This conditionguarantees
thatthegraphinducedby the setof clusterheadds 2k connectedvhich impliesthat
for eachclusterheadnodeu, thereis atleastoneotherclusterheadnodev suchthat

ds(u;v)  2K; hencethetwo clustersareoverlappedwvith degree 1.

Findingthe minimumKDS (MKDS) is a nice designgoalto achiare. Minimizing the car

dinality of thecomputedKDS canhelpto decreaséhecontroloverheadsincebroadcasting
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for route discovery andtopology updateis restrictedto a small subsetof nodes. There-
forethebroadcasstormproblem[59] inherentto global ooding canbegreatlydecreased.
However, from a computationapoint of view, the problemof nding the minimumKDS
(MKDS) is very dif cult. In factthereis noknown ef cient centralizedalgorithmfor solv-
ing this problemanda correspondinglecisionproblemis NP-hard [38]. Evenif thegraph
G belongsto certainspecialclassesof graphs(for exampleif G is bipartite or chordal
graph) theproblemremainsNP-hard [13]. TheMKDSremainsalsoNP-hardfor unit-disk
graphsasthe casein wirelessad-hocnetworks. Furtheraspectof the commutability of
MKDSarediscussedn [38, 19].

In [41], theauthorsdescribedh centralizedalgorithmthat nds a KDS of cardinality
atmostn/(k+1). Thealgorithm rsts createsarootedspanningreefrom the original net-
work topology Then,aniterative labelingstratey is usedto classifythe nodesin thetree
to be eitherdominator(clusterhead)or dominatednon-clustehead).In [40], theauthors
describedanothercentralizedalgorithmfor nding the total KDS suchthat the cardinal-
ity is boundedby 2n/(2k+1). Sinceboth algorithmsare centralized the communication
overheads high in caseof large-scalenetworks like sensometworks. Thereis no knowvn
efcient distributedalgorithmfor nding the MKDS with someperformanceébound. For
example theMaxMin heuristic[5] nds aKDS, however, thereis noreportedoerformance
boundon the cardinality of the resultingKDS. Similarly, in [7] the objectveisto nd a
KDS thatminimize enegy consumptiorandmaximizenetwork lifetime.

A relatedproblemthat hasbeenwidely investicatedin the context of wirelessnet-
works is the problemof nding the minimum connecteddominatingset (MCDS). The
MCDS problem can be viewed as a specialcaseof MKDS problemwhenk =1. The
MCDSis NP-hardfor generagraphsandfor unit-diskgraphsn particular [28]. Although
therearemary applicationsfor CDS in wirelessnetworks [12], the primary application
of CDS is the constructionof virtual backboneg(spine)in wirelessad hoc networks. In
the lastdecademary CDS constructionalgorithmshave beenproposedn the context of
MANETSs andsensometworks. Thesealgorithmsare eithercentralized [14, 15, 24, 36]
or distributed[3, 1, 2, 23, 25, 16, 56]. The centralizedapproacheseeka minimum con-

necteddominatingset(MCDS astheir major designgoal. Thusperformancéoundsare
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theirprimarydesignparameterHowever, centralizedalgorithmshave highcommunication
overheadandtime complity. Ontheotherhand,distributedalgorithmsseeka connected
dominatingset(not necessarilfhe minimum)that providesa goodresourceconseration
property Thusperformancéooundis not their primary considerationlnstead time com-
plexity (speciallywhennodesaremobile)andmessageompleity is takeninto consider
ation. Distributedalgorithmshave atime complity of O(n) andamessageompleity of
O(nlogn) [1, 25]or O(n) [2, 16]. This quicker executiontime comesat a costof alarger
CDS.A moredetailedanalysisof the performancef thosealgorithmsis discusseét [12].

Any of the distributedheuristicsfor nding a CDS canbemodi ed to nd aKDS.
In this case,we needto constructa k-closure(a graphpower of orderk) on the original
connectvity network graphbeforerunningary of the heuristics. Recallfrom section3.2
thatthekth power of the graphyieldsa modi ed graphin which nodesA andB are1-hop
neighborgf they wereat mostk-hopsaway in theactualtopologygraph.Whenary of the
distributed CDS heuristicsarerun on this modi ed graph,they form clusterswhereeach
nodeis at mostk wirelesshopsaway from its clusterhead.Constructinghe kth power of
agraphis O(kn?), wheren is the numberof verticesin the graph [55]. Evenif we used
Strassers algorithmfor matrix multiplication[29], the bestperformancen termsof oat-
ing point operationss O(kn?%7). For sensometworks, this is considered/ery expensve
notin termsof communicatioroverheadonly but alsothe Strassers algorithmis dif cult
to implementef ciently becausef the datastructuregequiredto maintainthe array par
titions [29, 42]. Moreover, we arestill generatinghon-overlappingclusters!Modifying an
existing distributedCDSalgorithm,to generat@a KDS in adistributedrandomizedashion,
is achallengingproblemin itself. We leave this asa futurework.

The problemof overlappingclusterss totally nen. Therewasno formulationof the
problemin the literature. Sothereis no known algorithmthatsatis esthe two conditions
describedat the beginning of this section. The proposedOK clusteringalgorithmis a
distributed simple randomizedalgorithm that meetsthe above two conditionswith high
probability Themaindesigngoalbehindtheproposedalgorithmisnotto nd theminimum
KDS. Thus performanceboundis not the primary consideration. Instead,we are more

concernedabouttime compleity, processingcompleity, and messageompleity. We
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will shawv that by tuning someof the protocol parametergk, p, nodedensity),we can
generatavith high probability overlappingclusterswith someaverageoverlappingdegree.
OK is scalablethe clusteringformationterminatesn a constantime O(k) regardlessof
the network topology or size. The protocolincurslow overheadin termsof processing
cyclesand messagesxchanged. OK assumes quasi-stationarynetworks wherenodes
arelocation-unavareandhave equalsigni cance. No synchronizations neededetween
nodes.In general OK will producea anoverlappingKDS with thegoal of minimizing the
overallcommunicatioroverheadandprocessingompleity. Wewill discussn theresults
sectionhow we cantunethe parametersf thealgorithmto guarante@a weakly connected
KDS (KWCDS with high probability.

3 The OK Protocol Ar chitecture

In this sectionwe describethe operationf the OK protocolin moredetail. The essential
operationn ary clusteringprotocolis to selectasetof clusterheadsamongthenodesn the
network, andclusterthe restof the nodeswith theseheads.OK doesthis in a distributed
fashion,where nodesmake autonomouglecisionswithout ary centralizedcontrol. The
algorithminitially assumeshateachsensorin the network becomesa clusterhead(CH)
with probabilityp. Eachclusterheadthenad\ertisesitself asa clusterheadto the sensors
within its radio range. This adwertisements forwardedto all sensorghat are no more
thank hopsaway from the CH. Any sensorthat receves suchadwertisementgoins the
clusterevenif it alreadybelongsto anothercluster Any sensorthatis neithera CH nor
hasjoinedary clusteritself becomes CH. Sincethe adwertisementorwardingis limited
to k hops,if asensordoesnotreceve a CH adwertisementvithin time durationt, (where
t; unitsis a value greaterthanthe time requiredfor datato reachthe clusterheadfrom
ary sensork hopsaway), it caninfer thatit is not within k hopsof ary clusterheadand
hencebecomea CH. We assumehat eachclusterhasa uniqueidenti er, which is the
nodeidenti er of the clusterhead.The o wchartof the OK algorithmis shavn in Fig. 2.
Eachnodemaintainsa tablethatstoresinformationaboutthe clustersknown to this node.

If the table containsmorethanone entry, this meansthat the nodeis a boundarynode
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Terminate Cluster Formation

Figure2: Flowchartof the OK clusterformationalgorithm
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Eachclusterheadmaintainsa list of all clustermembersa list of adjacentclusters,and
a list of boundarynodesto reachthoseclusters. Therecan be multiple boundarynodes
betweenoverlappingclusters. Moreover, a nodecanbe a boundarynodefor more than
two overlappingclusters. In the remainderof this section,we rst discussthe necessary
datastructuredo be maintainedat eachnodefor the clusteringprotocol. We alsodiscuss
the messagéormatsandthetimersmaintainedoy eachnode. We thenexplain the cluster
formation protocol and give pseudo-code.Finally, we prove that the protocol meetsits

designgoals.

3.1 Data Structures

Eachnodemaintainshefollowing variables:

NodelD (NID): A uniquelD assignedo eachnodebeforedeploying the network.

Status f CH, NCHg. The statusof the node. A nodecanbe eithera clusterhead
(CH) or anon-CH(NCH). Initially all nodesaresetto NCH.

NodeDegree(d): The numberof 1-hopneighbors.Calculatedafterdiscoseringthe

numberof neighbors.

ReliableRangeqRR: The numberof reliablerangesknowvn to thenode. RR6 d.

Initialized duringrangeestimationphase.

Local ClusterGraph(LCG): LCG = (V; E), aweightedundirectedgraphmaintained
by CH nodescorrespondingo the local clusterthat belongsto this CH node. The
edgeweight(w; ) representsherangemeasuremertietweemodes andj . Initially

LCG consistsof the CH nodeand all one-hopneighborsthat it hearsfrom during

rangeestimatiorphasej.e.jVj = d+1andjEj = d, whered is the CH nodedgyree.

AdjacentClustersTable(AC_table): A tablemaintainedoy CH nodesto storeinfor-
mationaboutadjacentlusters.Thetableconsistof tuplesof theform (CHID, BN),
whereCHID is the CH nodelD, andBN is alist of boundarynodelds. Initially the

tableis empty
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ClusterHeadsTable(CH_table): A tablemaintainedoy eachnodeto storeinforma-
tion aboutthe clustersknown to this node.If thetablecontainsmorethanoneentry,

this meanghatthe nodeis aboundarynode Thetableconsistf tuplesof theform
(CHID, HC, prev), whereCHID is theCH nodelD, HC is thenumberof hopsleading
to this clusterhead,andprev is the nodelD of a 1-hopneighbornodethatcanlead
to the CH nodeof this clusterusingminimum numberof hops. Thetableactsasa
routingtablewherethe CHID eld uniquelyidenti es arouteto a CH node.Initially

thetableis empty

3.2 Messages

Therearetwo typesof messages:

CH adwertisemen{CH_AD) messageThis is the messagdroadcasby a CH node
to adwertiseits existence.It hasthe form (CH_AD, SID, CHID, HC), whereSID is
thesendemodelD, CHID is clusterheadlD, andHC is the numberof hopsleading
to the CH node. The SID eld is usedto updatethe CH_tableprev eld suchthat
eachnodeknows a uniquepathto the clusterhead. TheHC eld is usedto limit the

ooding of the CH_AD messagé#o k hops.The CH_AD messagéasa x edsize.

Joinreques{JREQ messageThisis amessagsentby anodewhenit knows about
the existenceof a CH nodeanddecidesto join this cluster To limit the ooding,
the messages unicastedusingthe eld CH_tableprev. The message&ontainsin-
formation aboutthe rangemeasurement® neighborsalongwith the clustersthat
this nodecan hearfrom. The messagéasthe form (JREQ,RID, SID, CHID, d,
(NID, Rsip:n1D)1:nd» NG (CHID)g..n¢), WhereRID is therecever ID?, SIDis the D
of the nodethatwill join the cluster CHID is the ID of the CH noderesponsible
for this cluster d is the nodedegree, (NID, Rsip:nip)1:nd @re ONe or more cou-
ples containinginformation aboutthe rangemeasurementbetweenthis nodeand
its 1-hopneighborsnc is the numberof clustersthatthis nodecanhearfrom them

(sJAC_tablg), and(CHID)g..nc are0 or moreclustersthatthis nodecanhearfrom.

2This equalsto CH_table prev correspondingo the CH_table CHID.
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Notice thatthe size of the JREQmessagés variableanddepend®n the numberof

clusterg(nc) andthenodedegree(d).

3.3 Timers

Eachnodemaintainghefollowing timers®:

Generate
arandom
number
r

r<=p

r>p

status := NCH
set timer event for t, units

status := CH
HC:=0

broadcast(CH_AD,NID,CHID,HC
set timer event for t, units

)

JREQ Received && NID=RID

JREQ Received

forward message to designated
if CHID = NID neighbor after chaning RID
add SID to LCG
add (CHID,SID),  to AC_table,
else

forward message to designated JREQ wait |

CH_AD wait

neighbor after chaning RID i i .
Timeout && iSEmpty(CH_table CH_AD Received &&
status := CH isNotInCH_table(CHID;

HC:=0
broadcast(CH_AD,NID,CHID,HC)
set timer event for t, units

add (CHID,HC,SID) to CH_table

HC:=HC+1

ifHC <k
broadcast(CH_AD,NID,CHID,HC)

CH_AD Received && CHID != NID

add (CHID,NID) to AC_table
add (CHID,HC,SID) to CH_table
HC:=HC+1
if HC<k

SID:=NID

broadcast(CH_AD,NID,CHID,HC) Timeout && isNotEmpty(CH_table)

send JREQ to each CHID stored in
CH_table

erminate
clustering
formation

Figure3: Finite statemachineof the OK protocol

CH_AD WAIT timer. Thistimeris setby anon-CHnode.It representthemaximum
time thata nodeshouldwait for CH adwertisemenmessagedt is equalto t(k) +
wheret(k) is thetime neededor a messageo travel k hopsand is the maximum
time neededor ary nodeto nish bootstrappingandstartexecutingthe OK proto-
col. In our simulator we assumehatall the CH nodeswill nish bootstrappingnd
starttransmittingCH_AD messagewithin t(k)=2 time units. Hence,we set to be

t(k)=2.

JREQWAIT timer. This timer is setby a CH node. It representshe maximum
time thata CH nodeshouldwait for JREQmessagesilt is approximatelyequalto
2 t(k)+

3We assumetimer thatis setto a certainnumberof unitsand res once.
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Theeventsof theOK clusteringalgorithmarelistedin tablel. A nite statemachine

for the protocolis givenin Fig. 3. Theactvities of the OK clusteringalgorithmareshovn

in Fig. 4, usinganevent-baseadhotation.

Event Name

Description

Initialization()

An event executedonceto initialize the

statusof thenode.

CH_AD _Receved(SID, CHID, HC)

An eventtriggeredwhenCH_AD message

is receved.

JREQReceved (RID, SID, CHID, nd, (NID,
RSID,NID)..ng, Nc,(CHID)g::nc)

An eventtriggeredwhenJREQmessagés

receved.

ChangeStatus

An event triggered when the
CHAD WAIT timer res indicating
thatanNCH nodeshouldeitherchangdts

statusto CH nodeor join aclusterif ary.

EndClusterBrmationPhase

An eventtriggeredwhenthe JREQWAIT
timer res indicating that a CH node
shouldterminatethe clusteringphaseand
startthe Local LocationDiscovery (LLD)

phase.

Tablel: Eventssummaryof the OK clusteringalgorithm

4 PerformanceEvaluation

We have validatedthe OK clusteringalgorithmusingsimulation.The OK clusteringalgo-

rithm wasimplementedisingMATLAB 6.1releasel2.1. Initially, eachnodeis assignedh

uniquenodeid. Therearefour parametersisedin our simulation:

21



Initialization() // executed once

1. ac:

2. r = generate random number from 0..1;
3. ifr< pthen

4. status:= CH;

5. broadcast (CH_AD, NID, NID, 1);

6. set JREQ_WAIT timer;

7. else

8. status := NCH;

9. set CH.AD_WAIT timer;

CH_AD_Received (SID, CHID, HC)

10. ac: if status = NCH

11. if CHID is not in the CH_table

12. Add (CHID, HC, SID) to CH_table;

13. if HC < k

14. HC:= HC + 1;

15. broadcast (CH_AD, NID, CHID, HC);

16. /l else HC Kk, do not forward the message more than k hops
17. |/l else you have already heard of this cluster, do nothing

18. else
19. /I nodeis a CH node
20. if CHID = NID

21. discard the message; // This is an echo message

22. if CHID is not in the AC_table

23.  Add (CHID, NID) to AC_table;

24, Add (CHID, HC, SID) to CH_table;

25. if HC < k

26. HC := HC + 1,

27. broadcast (CH-AD, NID, CHID, HC);

28. /l else HC  k, do not forward the message more than k hops
29. [l else you have already heard of this cluster, do nothing

JREQ_Received (RID, SID, CHID, nd, (NID, RSID, NID)1.:ng , NC, (CHID)g:nc )

30. ac: if status = NCH
31. ifRID= NID
32. RID := CH_table[CHID].prev;

33. broadcast (JREQ, RID, SID, CHID, nd, (NID, RSID, NID);..nq4 , Nc, (CHID, cost)o::nc );
34. [/l else do nothing to limit the ooding of JREQ message

35. else

36. /I node is a CH node

37. ifCHID = NID

38. Add SID to the set of vertices in LCG;

39. Add (NID, RSID, NID);..ng to the set of edges in LCG;

40. Add (CHID, cost, SID)o:nc to the AC_table;

41. else
42. RID := CH_table[CHID].prev;

43. broadcast (JREQ, RID, SID, CHID, nd, (NID, RSID, NID);..nq , Nc, (CHID, cost)o:nc );

EndClusterFormationPhase
44. ec: JREQ_WAIT timer res . // for CH node

45, ac: Start the Local Location Discovery (LLD) phase using information stored in LCG and AC _table.

Chang eStatus

46. ec: CH_AD_WAIT timer res. // for NCH node
47. ac: if CH_table empty

48. status := CH;

49. broadcast (CH-AD, NID, NID, 1);

50. set JREQ_WAIT timer;

51. else

52. for all CHID in CH_table

53. RID := CH_table[CHID].prev;

54.  broadcast (JREQ, RID, NID, CHID, (NID, RSID, NID);.q , (CHID)o:m );

Figure4: The OK Algorithm

22




1. Networksize(n): thenumberof sensonodesn thenetwork. Sinceall thesimulation
experimentsassumea squareareaof sidelengthl, changingthe network size will
implicitly changahenodedensityin thenetwork ( ). Nodedensity( ) is de nedto

bethenumberof nodesn unit area:
= n=I? (1)

2. Clusterradius(k): themaximumgraphdistancebetweerarny nodein theclusterand
theclusterhead.Recallfrom section3.2thatthegraphdistancebetweertwo vertices
u andv, dg(u; V), is theminimumnumberof edgesn au v path.Hence,f uisa

CH node,thenk = max (distg(u;V)).
V2N (u)

3. Average Node Degree (d): the averagenodedegreein the network. Recallfrom
section3.2, the nodedegreeof a nodeu, is the numberof nodesthatareneighbors
of u. Nodedagreeis afunctionof the nodetransmissiorrange(T, ). Assumingthat
n sensomnodesareuniformly distributedover asquareeld of sidel, the probability

P(d) of anodeu having degreed is givenby binomialdistribution [52]:
0 1

P(d)= PYL P)" ¢ 1@2 LA 0

whereP; is the probability of beingwithin thetransmissiomangeT, from nodeu

T2
P = 3)

|2
For largevaluesof n tendingto in nity , theabove binomialdistribution corvergesto

aPoissordistribution:

d
where = nP, istheaveragenodedegree.Hence therelationbetweernthe average

nodedegree(d) andthetransmissiomange(T, ) of anodeis givenby:

n T2

; T ©)

23



We will usethe aborve equationfrequentlyto mapbetweeraveragenodedegreeand

transmissiomange.

4. The clusterheadprobability (p). Sinceeachnodedecidesrandomlyto be a cluster
headwith probabilityp, thentheaveragenumberof clusterds pn. Hence,ncreasing

p will increasehe numberof clustersn the network.

All experimentswvereperformedover 150differenttopologiesrepresentinglifferent
network sizes(n) rangingfrom 50 to 800 sensomodes.The nodeswererandomlyplaced
accordingo auniformdistribution ona 100x100area.For eachtopology thetransmission
rangeof eachnode(T,) wasvariedin orderto achieve differentaveragenodedegree (d)
rangingfrom 7 to 21. In awirelessad-hocnetwork with a uniformdistribution of nodesjn
orderto guaranteglobalnetwork connectwity, the averagenodedegreeshouldbe at least
6 [46]. Hence we chosethe minimum averagenodedegreeto be 7. Theclusterradius(k)
rangedrom 1 to 5. Theclusterheadprobability (p) wasvariedfrom 0.05to 0.5. For each
topology sinceclusterheadsarechoserrandomly we repeatheexperiment30times,each
time with a differentrandomsetof clusterheads.To evaluatethe performanceof the OK

clusteringalgorithm,we usethefollowing performancenetrics:

1. Percentaye of Covered Nodes(CN): this metrictestsif the generatealusterssatisfy
the coverage conditionasde ned in section2.3. CN is de ned asthe percentage
of nodesthatareeitherclusterheadsor within k-hopsfrom a clusterheadafter the
rst wave of CH adwertisements propagtedthoughthenetwork (i.e. aftert(k) time
unitswheret(k) is thetime neededor a messagéeo be forwardedfor k hops). We
will provein section6 (lemma6.2)thatafter3t(k) + ,theOK clusteringterminates

andeachnodeis eitherCH or NCH.

2. The Average OverlappingDegree (AOD): this metric testsif the generatealusters
satisfy the overlappingconditionasde ned in section2.3. AOD is de ned asthe
averageoverlappingdegree betweenary two overlappingclustersin the network.
Assumethatu, v areary two clusterhead(CH) nodes.Thenthe overlappingdegree

betweerthetwo correspondinglustergO) is a discreterandomvariablewhereO =
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JNk[U]\ Ng[v]j andNg[u]\ Ng[v] 6 ;. Noticethatthe overlappingdegreeis de ned
only for overlappingclusters(i.e. therandomvariableO cannot take the valueO0).

We de ne AOD asthemeanof thisrandomvariableO (i.e. AOD = E(O)).

3. The ConnectivityRatio (CR): this metric testsif the generatedlusterssatisfy the
connectivityconditionasde ned in section2.3. Let S bethe setof CH nodes.Let
Gs betheundirectedgraphinducedby S suchthatanedgeexistsbetweertwo nodes
u,v 2 Sif distg(u; v) < 2k (i.e thetwo correspondinglustersoverlap).Noticethat
Gs is notnecessargconnectedyraph.Thentheconnectvity ratio (CR) is de nedas
ratio betweerthe numberof nodesin the largestspanningreeof Gs to the number

of CHnodeyjSj). If CR= 1, thismeanghatGs is aconnectedjraph.

4. TheAverage ClusterSize(N,): theaveragenumberof nodesperclustertakenoverall
clusters.If uis a CH node,thenN, = jN[u]j. We usethis metricto shav thatOK
generategqual-sizectlusters,which is a desirablepropertyto balancethe load of

controloverheadbetweerclusterheadnodes.

5. The Average Numberof Edges per Cluster (E;): the averagenumberof edgesper
clustertaken over all clusters. This metric is importantfor localizationapplica-
tions [62, 61] sincethe numberof edgesin the graphaffect the accurag of the

estimatechodepositions.

6. TheAverage CLIQUE Factor per Cluster(CF): the CLIQUE factorof aclustermea-
sureshow closethe subgraphinducedby clusterto a completegraph. The CF is
calculatecasfollows:

2 E.

CF =N N, D (©)

7. CommunicatiorOverhead this metricmeasureshetotal enegy spentin communi-
cation. Without lossof generality it is assumedhatthe costof transmittingl unit
of data(byte)is 1 unit of enegy. Thisis avalid assumptiorsincewe assumehatall

thenodeshave a x edtransmissiomange.

The rst threeperformancenetricsmeasuréow closeis OK to meetthe conditions

listedin section2.3. N, E, andCF give moreinsightinto thesizeof eachcluster Finally,
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measuringhe communicatioroverheadshavs how scalablethe proposedalgorithmis in

termsof messageexchangedetweemodes For simplicity, we assuméhatthecommuni-
cationervironmentis contention-freeanderrorfree; hence sensorslo not have to retrans-
mit ary data. The Multiple Accesswith Collision Avoidance(MACA) protocol [51] may
beusedto allow asynchronousommunicatiorwhile avoiding collisions. MACA utilizesa
Requesto Send/Cleaifo Send(RTS/CTS)handshakingo avoid collision betweemodes.
OtherMAC protocolssuchas TDMA [27] may be usedto provide collision-freeMAC

layercommunication.

Our main goalsbehindthe simulationexperimentsare: (1) to showv that with the
carefulselectionof input parameter¢p, k, d), the proposectlusteringalgorithmmeetsthe
conditionslisted in section2.3 with high probability; (2) to shav that althoughwe have
overlappedclusters,the OK clusteringstill producesapproximatelyequal-sizectlusters;
(3) to shawv that OK is scalablein termsof communicatioroverhead. Sinceeachof the
above protocol parameterdiasa different effect on one of the performancemetrics,we
wantedto give a sensometwork engineera setof parameterso tuneto achieve different
designgoals(minimize power consumptiorby playing with nodetransmissiorrange,in-
creaseoverlappingdegree, reduceclustersize, increasenter-clusterconnecwity, reduce
numberof clusters,reduceclusterformationtime). In orderto qualify the impactof the

variousparametersye will try answeringhefollowing questions:

Q1. Whatis the effect of differentsimulationparametergk, d, p) onthepercentage

of coverednodeg(CN) (sectiord.1)?

Q2: Whatis the effect of differentsimulationparametergk, d, p) on the average

overlappingdegree(section4.1)?

Q3: Whatis theeffectof differentsimulationparametergk, d, p) ontheconnectvity

ratio (section4.1)?

Q4. Whatis the effect of differentsimulationparametergk, d, p) onN, E. andCF
(sectiord.2)?
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Q5: Whatis the total enegy spentin communicatioruntil the clusteringprotocol

terminategsection4.3)?
Q6: Is the OK protocolscalablgsectior4.3)?

Q7: Given(n, k, d), whatarethe bestprotocolparametershatguaranteehatall the

conditionsdiscussedh section2.3 aresatis edwith high probability?

4.1 Coverage,Cluster Overlapping and Connectvity Ratio

We startby studyingthe effect of clusterheadprobability (p) on the percentagef cov-
erednodes(CN). FromFig. 5, we canseethatincreasing increaseshe coveragealmost
exponentiallyspeciallyfor lower valuesof d (i.e. low transmissiorrange). The standard
deviation curves(Fig. 5(c) and 5(d)) shawv thatthe coverageis guaranteeavithin 2% for p
> 0.25.1t is alsoclearthatfor eachcombinationof (k, d), thereis a minimumvaluefor p
thatguaranteed00%coveragewith high probability We will discusghisin moredetails
in section5.4.

Theimpactof averagenodedegree(d) onthe percentagef coverednodess shavn
in Fig. 6(a). Increasingd increaseshe coveragealmostexponentiallyfor lower valuesof
k. Fork > 1, increasingd above a certainthresholdhasalmostno effect on the coverage.
The standardieviation curve (Fig. 6(c)) shawvs thatthis is guaranteeavithin 1% with high
probability for d > 16 andk > 1. In Fig. 6(b), the relation betweenclusterradius (k)
and percentagef coverednodesis shavn. Increasingk seemgo increasethe coverage
exponentially Again we canseefrom the standarddeviation curwve in Fig. 6(d) thatthe
resultsarewithin 1% if k > 2 andd 9. Thesevaluesfor k andd are very common
andrealisticin sensometworks applications. As a summary the effect of increasingd,
k is the same.However, d is directly proportionalto transmissiorrange;henceit affects
nodeenegy dramatically On the otherhand,k is applicationdependent.For example,
in routing protocols,increasingk will increaseclustersize, andlateng; in localization
applicationsjncreasingk will reducetheaccurag of the estimatechodeposition. We will
seelaterin sectiond.3,thatbothk andd increasecommunicatioroverhead However, the

communicatioroverheadis proportionalto k® aswe will discussin section4.3. Finally,
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Figure5: Therelationbetweerclusterheadproh (p) andpercentagef coverednodes
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from the gures we canseethat by careful selectionof the parametergp, d, k) we can
guaranteel00% coveragewith high probability This meansthat eachnodeis eithera
clusterheador belongsto at leastone cluster(i.e. the coverage condition discussedn

section2.3is satis edwith high probability).

AOD Vs. P (N=400,ND=7)
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Figure7: Theclusterheadproh (p) hasnoeffectontheaverageoverlappingdegree(AOD)

We will now turn our discussiorto the studyof the averageoverlappingdegreebe-
tweenclusters. Fig. 7 shavs an interestinganomaly Although one may think that in-
creasingp (i.e. increasingnumberof clusterheadsand henceclusters)shouldincrease
the averageoverlappingdegree (AOD), the resultsshaved that p hasno effect on AOD
regardlessof the valuesof otherparametergd, k) and network size (n). We will prove
analyticallyin section5.3thatthe AOD doesnotdependon p. Thiswill leave uswith only
two parameterso play with to controltheoverlappingbetweerclustersd, andk. As shavn
in Fig. 8(a),the AOD is linearly proportionalith d. NoticethatAOD cannever exceedthe
network sizen sothecurve saturatesatn. Ontheotherhand,increasingheclusterradius
(k) will increasehe AOD quadraticallyasshavn in Fig. 8(b). We will discussanalytically
in modedetailstherelationbetweerAOD andd andk in section5.3. Noticethatfor mary

applicationstherequiredAOD betweerclustersshouldbebelov 10. For examplein local-
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ization,an AOD of 3is enough[61, 62] andin routingprotocolshaving 10 gatevay nodes
betweenrclustersis morethanenough.lt is clearthatwe canguaranteean AOD of more
than10with high probabilityusingsmalld (i.e. low transmissiomange)andsmall cluster
radius(k = 2). Thisis con rmed alsoby the standarddeviation curves, Fig. 8(c) and8(d).
We canclearly seefrom the curvesthatan AOD of atleast10 canbeguaranteedavith high
probabilityif k 2 andarny d > 6.

Finally, to shav thatthe OK protocolsatis esthe connectivitycondition asde ned
in section2.3, we studythe connectvity betweenclusters. Fig. 9(a) shavs the relation
betweerconnectvity ratio andp for differentvaluesof k. The gures shawv thatwith 15%
of thenodesareclusterheadswe canhave 100%connectvity with high probability This
meanghatfor ary clusterheadthereis apathof lessthan2k hopsto atleastanothercluster
head(i.e. thereis atleastonebordernodebetweerthe two clusters).We canseethatthis
still holdsfor ary valueof k andd > 10 asshown in Fig. 9(b). the standarddeviation
curves(Fig. 9(c) and9(d)) con rm theabove resultswith high probability

As agenerakonclusionjt is clearthatthe OK protocolsatis eswith high probabil-
ity the threeconditions,de ned in section2.3. The clusterheadprobability (p) playsan
importantrolein termsof coverageandconnectvity betweercluster Theaveragenodede-
gree(d) andtheclusterradius(k) canbetunedto achieve areasonableverageoverlapping

degreebetweerclustersregardlesof p.

4.2 Cluster Size

In this sectionwe will studythe propertiesof the generatedtlustersin termsof average
clustersize (N.), averagenumberof edgesper cluster(E.) and averageCLIQUE factor
(CF). Sincethe clustersareoverlapping,increasinghe numberof clusterswill not affect
the clustersize. Hence,p hasno effect on N, E; andCF asshown in Fig. 10. Onthe
otherhand,increasingd increased\. linearly, asshowvn in Fig. 11(a),andincrease<s .
guadratically(Fig. 11(b)). Substitutingn Eg. 6, we canseewhy the CF is almostconstant
asd increaseqFig. 11(c)). A detailedanalyticalmodelfor the averageclustersizeis

discussedh section5.2.
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As a measuref load balancing the standardieviation of averagenumberof nodes
perclusteris shavn in Fig. 11(d). The gure shawvsverylow standardleviation regardless
of the valuesof d andk. This meansthat the OK protocol producesequal-sizedclus-
ters. The samefactscanbe concludedfrom the standarddeviation curves of numberof
edgegercluster(Fig. 11(e))andtheaverageCLIQUE factor(Fig. 11(f)). FromFig. 12(a)
and 12(b),we canseethatbothN. andE. areproportionalwith the squareof the cluster
radius (k?). Hence,from Eg. 6, we canseewhy the averageCLIQUE factor (CF) de-
creasegjuadraticallyask increasegFig. 12(c)). Again the standarddeviation curves, Fig.
812(d),12(e),12(f), con rm thatOK produce®qual-sizedlustergegardlesof thevalues
of d andk.

As a nal conclusionalthoughthe OK protocolgeneratesverlappingclustersthe
simulationresultsshav that thoseclustersare equal-sized.Equal-sizedclustersis a de-
sirablepropertybecauseat enablesan even distribution of control (e.g.,dataprocessing,
aggreation, storageload) over clusterheads;no clusterheadis overburdenedor under
utilized. Moreover, theresultsshav thatthe averageclustersizecanbe controlledby tun-
ing theaveragenodedegree(d) or theclusterradiusk. A closedform for the upperbound
of theaverageclustersize(N.) asafunctionof d andk is givenin section5.2. Finally, the
averagenumberof edgesandtheintra-clusterconnectity, measuredby the CF metric,can
alsoby controlledby changingd andk. Thisis a desirablefeaturein anchoffreelocaliza-
tion applicationd62, 61, 53, 43] wherethe numberof edgesn the clusterdetermineshe

accurag of theestimatechodepositions.

4.3 Scalability

In this sectionwe analyzethe communicatioroverheadof the OK clusteringprotocoland
shav that OK is scalableandenegy efcient in termsof communicatioroverhead.The
total enegy spentin communications measuredn termsof the numberof bytestransmit-
tedpernode.Withoutlossof generalityit is assumedhatthe costof transmittingl unit of

data(byte)is 1 unit of enegy. Thisis avalid assumptiorsincewe assumehatall thenodes

have a x edtransmissiomange.We will startby describingthe modelusedfor estimating
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thecommunicatioroverhead.Thenwe shav theimpactof differentsimulationparameters
on the overall communicatioroverheadand studythe scalability of the OK protocol. An
analyticalmodelfor thecommunicatioroverheads discussedn the next section( 5.4).

There are two phasesin the OK protocol: the cluster headadwertisementphase
(CHAD phase)andthe join requestphase(JREQ phase). For eachnetwork topologyi
with network sizen, we calculatethetotal numberof bytessentby all thenodesduringthe
two phasegTotalMsgSiz&)). We thenrepeatheexperimentover 900differenttopologies,
with the samenetwork sizen. Hence the averagenumberof bytessentby all nodes(avg-
TotalMsgSizgis the meanof the vectorTotalMsgSiz€i) for i= 1..900. Finally, we divide
avgTotalMsgSizéy the network size(n) in orderto getthe averagenumberof bytessent
by onenodeavgCommOverheadWe usethe last metric to measurehe averageenegy
spentby a nodein communication.

Fig. 13 shavstheimpactof differentsimulationparametersn communicatiorover-
head. The effect of increasingclusterheadprobability (p) is shavn in Fig. 13(a). We
obsenre thatthecommunicatiorenegy increasdinearly asp increasesWe canalsonotice
thattherateincreasesigni cantly astheclusterradius(k) increasesThisis canbeclearly
seenin Fig. 13(c) whereit canbe shavn that the communicationoverheadis cubically
proportionalto the clusterradius(k). Mainly this costis incurredduringthe JREQphase
aswe will shav analyticallyin section5.4.

Theeffectof averagenodedegree(d) oncommunicatioroverheads shavnin Fig. 13(b).
We cannoticethatthecommunicatioroverheadncrease$inearlyasd increasesAlthough,
wewill discusgherelationbetweercommunicatioroverheacandaveragenodedegree(d)
analyticallyin section5.4,we canintuitively explainthatby analyzingtherelationbetween
averagenumberof nodesper clusterN. andaveragenodedegree(d) (Fig. 11(a)). As the
averagenodedegreeincreasesthe averagenumberof nodesper clusterincreasedinearly
and hencethe averagenumberof JREQ messageicreasedinearly leadingto a linear
increasean theoverall communicatioroverhead.

Finally, we will shav that OK is scalablein termsof processingime in section6,
(lemma6.2). However, in this sectionwe studythe scalabilityin termsof communication

overhead. We testedthe OK protocolfor differentnetwork size rangingfrom 50 to 800
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nodes. Fig. 14 shovs the overall communicationoverheadper nodeas network sizein-
creasesWe canclearlyseethatthenumberof bytestransmittedoy anodeslowly increases
asthenetwork sizeincrease$rom 100to 400. Thenit remainsalmostconstanafterwards.
Thestandardleviation curves(Fig. 14(b))shawv thatthis happensvith high probability

2 bytes).

5 Analysis of the Results

In this section,usingunit disk graphpropertiesandsimplegeometrywe will analytically

shaw thefollowing:

The averagenumberof nodespercluster(N.) is linearin d andquadratidn k (sec-
tion 5.2).

The averagenumberof edgesper cluster(E.) is quadraticin both d andk (sec-
tion 5.2).

Theclusterheadprobability(p) doesnotaffecttheaverageoverlappingdegree(AOD)

betweerclusters(section5.3).

The averageoverlappingdegree(AOD) is linearly proportionalto the averagenode

degree(d) andquadraticallyproportionatto the clusterradius(k) (section5.3).

The overall communicatioroverheadis linearly proportionalwith d and cubically

proportionalwith k (section5.4).

We will startby describingheassumptiongehindthe proposedanalyticalmodel.

5.1 Assumptions

In orderto simplify the proofs,we make thefollowing assumptions:

Eachclustercanbeapproximateddeally by a circle of radiusR.
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Sincethetransmissiomangeof eachnodeis x ed(T,), andsinceonly nodeghatare
within k hopsfrom the clusterheadcanbelongto this cluster thenwe canapproxi-
mateR asfollows:

R = KT, )

In thiscaseR is consideredhe maximumeuclidiandistancehatanodecanbeaway
from clusterhead.Hence thecircle representinghe clusteris consideredhelargest

areathatcanbecoveredby acluster
Theclusterheadis locatedat the centerof this circle.

The above geometricrepresentatiof a k-hop clusteris consideredhe largestpossible
areafor the cluster This will leadto consideringsomeareasasbelongingto the cluster
whenthey arenot. We will referto suchan areaas a falsearea For example,if the
clusterheadnodeis locatedwithin distanceR from the boundaryof the sensoreld, the
circle representinghe clusterwill be clipped by the rectanglerepresentinghe eld as
shawvn in Fig. 15. Hence the areawhich lies outsidethe sensoreld is afalseareasince
it is consideredwithin the clusterbut it doesnot really belongto it. Sincethe proposed
analyticalmodel representsan upperbound, false area will just make the upperbound
not tight enoughwhen comparedwith the simulationresults. We will alsoshaw in the
following that asthe numberof clusterheadsincreaseseither becausehe network size
(n) increase®r the clusterheadprobability (p) increasesthe probability of having cluster
headswithin distanceR decreasedjencetheeffectof falseareadecreasesSoby carefully
selectingthe simulationparametersye cansafelyignorethe effect of falsearea

Recallingthatthe averagenumberof clusterheadss pn, andassuming squareeld
with sidelengthl, thenthe probability (P, \ ) thata clusterheadnodeis at leastat distance
R awayfrom theboundaryof the eld (i.e. insidethedottedrectangleasshavnin Fig. 15),
is givenby thefollowing:

PN = —F—— (8)

Thenthe probability thata clusterheadnodeis within distanceR from the boundarywill
be (Pout):
Pour =1 Py
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false area

@ Cluster head node

(O Non-Cluster head node

Figurel5: Circle representatioof clusters

Letl beadiscreterandomvariablerepresentinghe numberof clusterheadghatarewithin
distancer from theboundaryof the eld. Thenl canbeexpressedisabinomialdistribu-
tion: 0 1

n
P(l = mjpn) = PSP\ " @ P A
m

andthe expectednumberof clusterheadnodesthat arewithin distanceR from the eld
boundaryis:

E(l) = pnPoyt

In orderto ignorethe effect of clusterheadshatarenearthe boundary;hencedecreasing

thesizeof falsearea
Poutr Pin
|2
(I 2R)2 2
4R?2 8IR + |2 0

Solving the quadraticequationsin R, and substitutingR = kT,, one of the following

conditionsmusthold: p_
- 1 3=2)|
A

- ©)
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OR o_
L @r 32
f K

The rst conditionwasusedin the simulationssinceit impliesreducingthe nodetransmis-

(10)

sionrange;hencereducingenegy consumptionHowever, we mustbe carefulin reducing
thenodetransmissiomange(T, ) sincethereis aminimumcritical valuefor T, in orderfor
thegraphto beconnected46]. Moreover, ask increasest becomedlif cult to satisfythe
rst conditionwhile guaranteeingonnecwity. Sinceour maingoalis to have aconnected
graph,we haveto violatethe rst conditionask increasesln asimilarway, we noticethat
in orderto increasehe averagenodedegree(d), we have to increaserl, ; hencewe may
violate the rst conditionto achiese a certainaveragenodedegree. That's why we will
noticethatthe analyticalmodeldivergesa little bit from the simulationresultsask or d

increasesincetheeffect of clusterheadsearthe boundarystartsincreasing.

5.2 AverageCluster Size

We shall startby estimatingan upperboundof the averageclustersize (averagenumber
of nodesper cluster). The clusterwill berepresentedby a circle with radiusR = KT, as
discussedn section5.1. Assumethat N, is a discreterandomvariablerepresentinghe
clustersize. Thenusingthe sameanalysisaswe did in the previous section,we canshav

thatN. canbeexpressedy thefollowing binomialdistribution:
0 1

P(No=m)=PI(L P)" "@ A (11)
m

wheren is the network sizeandP, is the probabilitythata nodeis insidethe circle repre-

sentingthe cluster
RZ k2T2
Pc = = r
12 12

(12)

wherel is the sidelengthof thesquareeld. Now substitutingfrom equations, in orderto
getP. in termsof averagenodedegree(d), we get

_ de

(13)
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Figure 16: The relation betweenthe analyticalmodelfor averageclustersize (N.) and

simulationresults
Hencetheaverageclustersize(E(N.)) is:
E(No) = nP = dk? (14)

Theabove equatiorshavsthattheaverageclustersizeis linearly proportionalwith average
nodedegree(d) andquadraticallyproportionakto theclusterradius(k). This conformswith
the simulationresultsshovn in section5.2. Moreover, we canseethatN . is notafunction
of theclusterheadprobability(p). Fig. 16 shavstherelationbetweerthesimulationresults
andanalyticalmodelgivenby equationl4.

Usingtheabore model,we canestimategheaveragenumberof edgegercluster(E.)
asfollows. Sinceeachnodehasanaveragenodedegree(d), andsincethe averagenumber

of nodesperclusteris N, then

21,2
d2'° = % = O(d’k?) (15)

Fig. 17 shaws the relationbetweenthe simulationresultsand analyticalmodel given by

equationl5.

5.3 AverageOverlapping Degree

Using the assumptionsn section5.1, we shall calculatean upperboundfor the average

overlappingdegree(AOD). AssumethatA, B areary two clusterhead(CH) nodes.Then
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Figure 17: The relation betweenthe analyticalmodel for averagenumberof edgesper

cluster(E.) andsimulationresults

werecallfrom sectiord thattheoverlappingdegreebetweerthetwo correspondinglusters
(O) isarandomvariablewhereO = jN[A]\ Ng[B]j andN¢[A]\ Nk[B] 6 ;. Noticethat
the overlappingdegreeis de ned only for overlappingclusters(i.e. the randomvariable
O doesnot take the value 0). We de ne AOD asthe meanof this randomvariable O

(i.e. AOD = E(O)). As shawvn in Fig. 18, thetwo clustersA andB arerepresentethy two

Figure18: OverlappingDegree(O) betweentwo overlappingclusters

symmetriccirclesof radiusR = KkT,. Insteadof calculatingthe exactintersectionof the
two sets(Nk[A]\ N[B]), we shall estimatethe intersectionof the two setsby the area
of intersectionbetweenthe two correspondingircles. Let W be the euclidiandistance

betweerthetwo CH nodes.Then,W is acontinuousandomvariablethatcantake values
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rangingfrom 0 to 2R. Thetwo clustersarecompletelyoverlappedf W = 0 andthereis
no overlappingif the distancebetweenthe two clusterheadss greaterthanor equal2R.

Let F (w) andf (w) bethe CDF andPDF of therandomvariableW consequentlyThen

2

B ooowr o ow?
F(w)= P(W < w)= 2R~ R (16)
_dF(w) _ w
)f(W)_W_ﬁ (7

We will expressO asa function of w asfollows. The areaof intersectionbetweentwo

symmetriccirclesA andB (I ag ) is :
lag = (2 sin2)R?2=E(Ojw) (18)

wherew = 2R cos (usingcosinerule). Hence,O is a continuousandomvariablethatis
representedsafunctionof orw alternatvely.
2R 2R
) E(O)= E@Ojw)fWdw= (2 sin2 )R? (w)dw (29)
0 0

Substitutingfrom Eq. 17, 18,andnoticingthatdw = 2R sin , we have thefollowing:
/2 72
E(O)= (2 sin2)R%2sin cosd =R?> (2 sin2)sin2d (20)

0 0

R
It canbeshavnthat (2  sin2)sin2 d = ;. Hence,
0

RZ

E(O) = 2 (21)
Substitutingfrom Eq. 7, we have:
2712
E@©)= " 22

Substitutingfrom Eq. 5 to gettherelationin termsof averagenodedegree,we reachthe

following: W e
4n 4

E(O) = AOD (23)

4
“For moredetailsof the proof, pleasereferto appendixA.1
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Figure 19: The relation betweenthe analytical model for averageoverlappingdegree

(AOD) andsimulationresults

Theabove equatiorshavsthatthe averageoverlappingdegreeis linearly proportionalwith

averagenodedegreed andquadraticallyproportionako theclusterradiusk. Thisconforms
with the simulationresultsshovn in section5.3. We canalso notice that AOD is not a
function of clusterheadprobability p. Fig. 19 shawvs the relationbetweenthe simulation

resultsandanalyticalmodelgivenby equation23.

5.4 Overall Communication Overhead

In thissectionwewill calculateanupperboundof theaveragenumberof controlmessages
transmittedby anode.As we did in theprevioussectionstheclusterwill beapproximated
by a circle with radiusR = kT,. Recallthattherearetwo phasesn the OK protocol: the
clusterheadadwertisemenphasg CHAD phasegrndthejoin requesphasgJREQphase).
We will estimatehenumberof messagesentduringeachphasepernode.Thentheoverall
communicatioroverheadpernodewill bethetotal numberof messageswWe will startby
estimatinghe averagenumberof nodeshatareexactly k hopsaway from the clusterhead

(ny). Fromequationl4,the averagenumberof nodesin k-hopclusteris:

E(N¢) = nP. = dk? = E,(No) (24)
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Then
nk = Ex(No)  Ex 1(Ng) = dk® d(k 1) (25)
) Nk =d2k 1) (26)

Usingthe aborve results,we cancalculatethe averagenumberof CH_AD messages

sentduringthe CHAD phaselnitially, the clusterhead(CH) nodebroadcasteneCH_AD
messagé¢o neighbors.The messagés then ooded for k hopswith no duplication(i.e. if
anoderecevedthesameCH_AD messagenultiple times,it will justforwardit onceto its
neighborsHence the CH_AD messagés forwardedthroughthe edgesof a spanningree
of theclustergraphasshavn in Fig. 20. Initially, the CH nodebroadcast®nemessagé¢o
all its neighbord A, C, Dg. Now eachof thosenodeswill broadcasthe samemessagéeo
its correspondingieighborsafterincrementingthe hop count. Hence,B will receve the
samemessagérom f A, Cg andN will receve thesamemessagérom f C, Dg. However,
sincethe OK protocolusessmart ooding, the secondCH_AD will bedroppedby both B
andN. The CH_AD broadcastwill continuefor k hopsaway from the CH node(in this

particularexample k = 5).

cluster graph corresponding spanning tree
@ Cluster head node

(O Non-Cluster head node

Figure20: TheCH_AD messagevill follow aspanningreerootedatthe CH node(k = 5)

LetMchap betheaveragenumberof CH_AD messageBroadcastewithin theclus-

ter. ThenMchap is equalto the averagenumberof non-leafnodesin breadth- rsttreeof
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thegraphrootedatthe CH node.

K1
Mchap = 1+ n; (27)

i=1
wheren; is the expectednumberof nodesthatareexactly i hopsway from the CH node

(Eq. 26). Substitutingrom Eq. 26 andsimplifying theexpressionwe reachthefollowing:

= O(dk?) (28)

2d(k 1)?
Mchap = 1+ %

Using a similar approachwe cancalculatethe averagenumberof JREQmessages
(M ;reQ) unicastedrom non-CHnodego the CH node.We assumehatwe donotdo ary
aggregation of the messages hence;a JREQmessageynicastedrom a leaf nodein the
spanningree,will beforwardedk timestill it reachthe CH node.Therefore M jreq can
be calculatedasfollows:

Xk
Mireg = kng+ (K 1)ng 1+ i+ 2N+ Ny = in; (29)
i=1

Substitutingfrom Eqg. 26 andsimplifying the expressionwe reachthe following expres-
sion:

Mjreqg = dk(k 61)(k+ 1) = O(dk®) (30)

Fig. 21 shavs therelationbetweerthe simulationresultsandanalyticalmodelof thecom-

municationoverhead.

6 Correctnessand Complexity

In this sectionwe shalldiscusghatthe OK protocolprovidedin Fig. 4 meetghefollowing

designgoals(requirements):

1. Completelydistributed.

2. Terminateswithin O(k) iterations,regardlessof network diametey wherek is the

clusterradius.

SOf course,if messageaggrejation is used,the overall communicationoverheadwill improve. Sothe

above analysiss considered worstcaseanalysis.
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Simulation Vs. Analytical Model (Num. of CH _AD Messages)
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3. At the endof the algorithm,eachnodeis eithera clusterhead,or non-clusteihead

nodethatbelongsto oneor moreclusters.

4. Ef cient in termsof memoryusage.

Observatiori. OK is completelydistributed(requirement.). A nodecaneitherelect
to becomea clusterhead,or join a clusterif it recevesCH_AD messagewithin its cluster

radius.Thus,nodedecisionsarebasedsolelyonlocal information.
Lemma 6.1. Thetimecompleity of OK is O(k) (requirrment?).

Proof. The worst casescenarias: a non-CH(NCH) nodedoesnot receve arny CH_AD
messageandchangests statusto CH. Thenbroadcastea CH_ AD messagandwaits for
JREQmessagesRkecallfrom section3.3 thatthe maximumtime thatan NCH nodewaits
for aCH_AD messagés equaltot(k) + , wheret(k) is thetime neededor a messagé¢o
travel k hopsand is a constantvalueindependenfrom k. Hence,the total time of this
worstcasescenarias t(k) + + 2t(k). Thereforethe maximumtime thata nodeshould

wait beforeterminatingOK ist(k) + + 2t(k) = 3t(k) + = O(k). O

Lemma6.2. Attheendof the OK algorithm,a nodeis eithera clusterhead,or non-cluster

headnodethat belongsto oneor mote clustes (requirement3).

Proof. Initially eachnodeis either CH or NCH node. If the nodeis a CH node, it will
terminatehe OK algorithmatfter2t(k) + timeunitswhenthe JREQWAIT timer res. In
caseof NCH node aftert(k) + time units,eitherit joins oneor moreclusterghatit heard

from or changestatusto CH andterminateghe OK algorithmafter2t(k) time units. [

Lemma 6.3. Theexpectechumberof adjacentoverlappingclustesis O(pdk?), whee p is

theclusterheadprobability, d is the average nodedegree andk is the clusterradius.

Proof. Recallthatthe expectednumberof clustersis np wheren is the network size. Let
u andv betwo clusterheadnodes. Thenthe two correspondinglustersof u andv are

overlappingff distg (u; v) < 2k. Usingthecircle approximatiorof theclusterasdiscussed
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in section5.1, thenthe probability (Pag; ) thata CH nodeis within distance?R; R = kT;;

from m otherCH nodess givenby thefollowing binomialdistribution:

0 1
n 1 2
Pagi (M) = PJR(L Ppr)™ ™ 1@ P A where Py = (2|5) (31)
m
Hence the expectednumber(f adjacentlusterss (E (Pag; ):
4 npR?
E(Pag) = Por(np 1) npPa = 2 (32)

SinceR = kT, substitutingfrom equation5 andsimplifying the expressionwe getthe
following:

E(Pag) = 4 pdk? = O(pdk?) (33)
O

Lemma 6.4. TheOK algorithmhasan average memoryusage of O(1) per node(require-

ment4).

Proof. Thetwo majordatastructuresisedby the OK protocolare: CH_tableandAC table
Any otherdatastructuresill take O(1) memoryto store.Recallfrom section3.1,CH_table
is usedby eachnode whetherCH or NCH, to storeinformationabouttheknown CH nodes.
Hence,the averagesize of the CH_table is equalto the expectednumberof clustersthat
cover acertainnode;which is equalto the expectednumberof adjacentlusters(E (Pag; ).
Thereforeusinglemmat.3, the averagesizeof the CH_tableis O(dk?). Sincebothd, and
k areconstantandindependenof the network size the averagesizeof CH_tableis O(1)°.
Recallfrom section3.1,AC tableis usedby only CH nodego keeptrackof adjacent

clusters.Hence we cancalculatethe averagesizeof AC_tableasfollows:
sizeAC_table) = E (Pagqj X theexpectechumberof boundarynodes

However, the expectednumberof boundarynodesis equalto the averageoverlappingde-

gree(AOD). Substitutingfrom Eq.23,we getthefollowing:

size®C table) = E (Pag ) x %€ = O(¥K)

5Notice thatthe maximumsizeof CH_table cannot exceedthe averagenumberof clusters(pn

53



Sincebothd, andk areconstant&ndindependenof the network size,the averagesize of

AC_tableis O(1). Hence ontheaverage thetotal memoryusagepernodeis O(1). O

7 RelatedWork

In the lastfew years,mary algorithmshave beenproposedor clusteringin wirelessad-
hoc networks [60, 39, 32, 7, 5, 37, 35, 6, 33, 8, 10, 31,49, 9, 21, 4, 26, 47]. Clustering
algorithmscan be classi ed as either deterministicor randomized. Deterministicalgo-
rithms[9, 10,21, 6, 33, 5, 48,50] useweightsassociateavith nodeso electclusterheads.
Theseweights can be calculatedbasedon numberof neighbors(nodedegree [9, 10],
nodeid [6, 33, 5], residualenegy, and mobility rate [21]. Eachnode broadcastghe
calculatedweight. Thena nodeis electedas a clusterheadif it is the highestweight
amongits neighboringnodes.In randomizectlusteringalgorithms the nodeselectthem-
selesasclusterheadswith someprobability p andbroadcastheir decisionsto neighbor
nodeg[39, 60, 8, 7, 11]. Theremainingnodesjoin the clusterof the clusterheadthatre-
guiresminimum communicatiorenegy. The probability p is animportantparametein
a randomizedalgorithm. It canbe a function of noderesidualenegy [39] or hybrid of
residualenegy and a secondaryparametef60]. In [7], the authorsobtain analytically
the optimal value for p that minimizesthe enegy spentin communication.In OK, the
probability p is tunedto controlthe numberof overlappingclustersn the network.
TheDistributedClusteringAlgorithm (DCA) [10] electsthenodethathasthehighest
nodedegreeamongits 1-hopneighborsasthe clusterhead.The DCA algorithmis suitable
for networksin which nodesarestaticor moving atavery low speed.The Distributedand
Mobility-adaptve ClusteringAlgorithm (DMAC) [9] modi es the DCA algorithmto allow
nodemobility duringor afterthe clusterset-upphase The WeightedClusteringAlgorithm
(WCA) [21] calculategheweightbasedon the numberof neighborsfransmissiorpower,
battery-lifeandmobility rateof thenode.Thealgorithmalsorestrictsthe numberof nodes
in a clusterso thatthe performanceof the MAC protocolis not degraded. In the Linked
ClusterAlgorithm (LCA) [6], anodebecomegheclusterheadif it hasthe highestidentity

amongall nodeswithin onehop of itself or amongall nodeswithin onehop of oneof its
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neighbors.The LCA algorithmwasrevised[33] to decreasehe numberof clusterheads
producedn theoriginal LCA. In thisrevisedversionof LCA (LCA2), thealgorithmelects
asa clusterheadthenodewith thelowestid amongall nodegshatareneithera clusterhead
nor arewithin 1-hopof the alreadychoserclusterheads.Both LCA andLCA2 heuristics
weredevelopedto be usedwith smallnetworks of lessthan100nodes.As the numberof

nodesin the network grows larger, LCA/LCA2 will imposegreaterdelaysbetweemode
transmissions, the TDMA communicatiorschemendmaybeunacceptable.

Many of theseclusteringalgorithms[6, 33, 21,9, 48] arespeci cally designedvith
anobjectve of generatingtableclustersn ervironmentswith mobilenodes.Butin atyp-
ical wirelesssensometwork, the sensorslocationsare x ed andtheinstability of clusters
dueto mobility of sensorss notanissue.However, thenetwork is still dynamicbecausef
nodefailure or addingnen nodes.Moreover, the clusteringtime compleity in somepro-
tocols[10, 21, 8, 48, 50] is dependenbn the network diameter Most of thesealgorithms
have atime complity of O(n), wheren is thetotal numberof nodesin thenetwork. This
makesthemlesssuitablefor sensometworksthathave a large numberof sensorsUnlike
thoseprotocols,OK terminatesn a constanhumberof iterations.

Someclusteringalgorithmsmake assumptionaboutnodecapabilitiesge.g.,location-
awarenes®r clock synchronization.In [58, 59, 18, 22], the geographidocationof each
nodeis assumedo be available basedon a positioningsystemsuchas GPSor through
broadcastmessageandrouting updatedSPAN]. This is again not a reasonabl@assump-
tion in caseof low-costlow-powver sensometworks. The clusteringalgorithmproposedn
[Chiasserini02ssumeshateachnodeis aware of the whole network topology whichis
usuallyimpossiblefor wirelesssensomnetworkswith alarge numberof nodes.Somealgo-
rithms|[6, 33, 39, 21, 10, 9] requiretime synchronizatioramongthe nodes,which makes
themsuitableonly for networkswith a smallnumberof sensors.

Themajority of clusteringalgorithmsconstruciclustersvhereevery nodein the net-
work is nomorethanl hopawayfrom aclusterhead6, 33,10, 21,9, 8, 31, 60,32, 39]. We
call thesesinglehop(1-hop)clusters.For example theHEED [60] algorithmformssingle-
hop non-overlappingclusterswith the objective of prolongingnetwork lifetime. Cluster

headsarerandomlyselectedaccordingto a hybrid of their residualenegy anda secondary
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parametersuchas node proximity to its neighborsor nodedegree. A careful selection
of the secondaryclusteringparametecanbalancdoad amongclusterheads.HEED per
formancewasanalyzedassumingsynchronizechodes.However, the authorsshoved that
unsynchronizedhodescan still executeHEED independentlybut clusterquality will be
affected. In [32], the authorspresenta clusteringalgorithm (FLOC) that producesnon-
overlappingandapproximatelyequal-sizectlusters. The clusteringis suchthatall nodes
within onehop from a clusterheadbelongsto its cluster andno nodem hopsaway from
the clusterheadmay belongto its cluster In [37, 35] the clusteringalgorithm assumes
gatevay (mastej nodesarealreadyknowvn andthe objectve is to performload balancing
betweerdifferentclustersby changingclusterradius.In large networkssingle-hopcluster
ing may generate large numberof clusterheadsandeventuallyleadto the sameproblem
asif thereis no clustering.

In [39], Heinzelmaret al. have proposeda distributedalgorithmfor wirelesssensor
networks (LEACH) in which the sensorgandomlyelectthemselesasclusterheadswith
someprobability and broadcastheir decisions.The remainingsensorgoin the clusterof
theclusterheadthatrequiresminimumcommunicatiorenegy. Thisalgorithmallows only
1-hopclustersto be formed. LEACH assumeghat all nodesare within communication
rangeof eachotherandthe basestation(i.e. completegraph). LEACH clusteringtermi-
natesin a constantnumberof iterations(like OK), but it doesnot guaranteeyoodcluster
headdistribution andassumesiniform enegy consumptiorfor clusterheads[60].

Few papershave addressedhe problemof multi-hop (k-hop) clustering [5, 7, 11].
Thesealgorithmsaremostly heuristicin natureandaim at generatinghe minimum num-
ber of disjoint clusterssuchthatarny nodein ary clusteris at mostk hopsaway from the
clusterhead. For example,the algorithmdescribedn [11] constructsclusterssuchthat
all thenodeswithin R/2 hopsof a clusterheadbelongto thatclusterheadandthe farthest
distanceof any nodefrom its clusterheadis 3.5RhopswhereR is aninputparameteto the
algorithm. With high probability, a network coveris constructedn O(R) rounds;thecom-
municationcostis O(R?®). The OK clusteringalgorithmhasa muchlower communication
overhead.In [5], the authorspresentedhe Max-Min heuristicto form non-overlapping

k-clustersin a wirelessad hoc network. Nodesare assumedo have non-deterministic
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mobility pattern. Clustersareformedby broadcastingrodeidentitiesalongthe wireless
links. Whenthe heuristicterminatesa nodeeitherbecomes clusterhead,or is at most
k wirelesshopsaway from its clusterhead.Thevalueof k is a parametenf the heuristic.
Althoughthe Max-Min algorithmgenerate&-hopclusterswith arun-timeof O(k) rounds,
it doesnot ensurethatthe enegy usedin communicatingnformationto the information
centeris minimized. Both OK and MaxMin have O(K) iterations. However, OK needs
exactly 2k iterationsto terminatebut MaxMin needsatleast2k iterations.This meanghat
the communicatioroverheads reducedn OK comparedvith MaxMin. In caseof sensor
networks, this directly affectsthe enegy level of the node. In [7], the authorsproposecd
LEACH-likerandomizedlusteringalgorithmfor organizingthe sensorsin awirelesssen-
sornetwork, in a hierarcly of clusterswith anobjective of minimizing the enegy spentin
communicatinghe informationto the processingenter(basestatior). They usedresults
from stochastigeometryto obtainanalyticallythe optimalnumberof clusterheadsateach
level of clustering.

None of the above algorithmsconstructoverlappingclusters. Most of thesealgo-
rithms are heuristicin natureandtheir aim is eitherto generateghe minimum numberof
multi-hop clusters [5] or to minimize the enegy spentin thenetwork [7]. To the bestof
ourknowledge thisis the rst paperto discusghe problemof overlappingmulti-hopclus-
tering. We shawv thatconstructinghe minimumoverlappingk-hopdominatingsetin anad
hoc network is NP-complete. Thenwe proposeOK, a randomizednulti-hop distributed
algorithmto solve theproblem.Thenodesandomlyelectthemselesasclusterheadswith
someprobabilityp. Theclusteringorocesgerminatesn O(1)iterations,jndependenof the
network diametey anddoesnot dependon the network topologyor size. OK operatesn
quasi-stationaryetworks wherenodesarelocation-unsvare andhave equalsigni cance.
The protocolincurslow overheadn termsof processingyclesandmessagesxchanged.
We also analyzethe effect of differentparameterge.g. clusterradius,network connec-
tivity, clusterheadprobability) on the performanceof the clusteringalgorithmin termsof
communicatioroverheadnodecoverage andaverageclustersize.

OK is similar to the clusteringalgorithmdescribedn [7] sinceboth algorithmsbe-

long to the classof randomizednulti-hop clustering. In [7], the mainfocusof the work
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wasto nd the optimal numberof clusterheadsat eachlevel of clusteringanalytically
andapplythisrecursvely to generat@neor morelevelsof clustering.However, our main
focusis to generateoverlappingclusterswith certainoverlappingdegree. Our main con-
tributionsare (i) to formalizethe problemof overlappingmulti-hop clustering;(ii) extend
thework in [7] to meetthe designgoals;(iii) shav how to tunethe parametergp andk)
givento the algorithmin orderto achieve the designgoals;(iv) give analyticalmodelsto
formulatethe problem. In [7], the clusterradius(k) was calculatedanalyticallyto min-
imize the enegy. In OK, the clusterradiusis a parametethat canbe tunedto increase
overlappingdegreebetweerclustersor to decreasehe clustersize(load balancing)or to

decreaseommunicatioroverhead.

8 Conclusionsand Futur e Work

In this report,we have presentec scalablerandomizednulti-hop clusteringprotocolfor
ad-hocsensonetworks. OK organizeghesensorsnto overlappingclustersn adistributed
manner We have formulatedthe overlappingmulti-hop clusteringproblemasanextension
to the k-dominatingsetproblem.OK is scalablein termsof communicatioroverheadand
terminatesn a constannumberof iterationsindependenof the network size. Although
OK generatesverlappedlustersthe simulationresultsshawv thatthe clustersareapprox-
imately equalin size. OK parameterssuchas clusterradius,averagenodedegree,and
clusterheadprobability canbe easilytunedto achieve the designgoalswith high proba-
bility. We have developeda detailedanalyticalmodeland have shawn thatit is valid by
comparisorwith the simulationresults. The proposedclusteringschemecanbe usedby
severaltypesof sensomnetwork protocolsthatrequirescalability loadbalancingandsome
degreeof overlappingbetweerthe clusters.While OK appeardo bea promisingprotocol,
therearesomeareador improvementto make the protocolmorewidely applicable.In the
currentimplementatiorof OK, we assumestationarynodeswhich is a valid assumption,
for sensometworks. In thefuture,we planto analyzethe casewhenthe nodesaremobile.
Anotherissuethatwe arecurrentlylooking atis sharingthe clusterheadrole amongnodes.

In generalclusterheadnodesspendelatively moreenepgy thanothersensorbecausehey
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have to receve informationfrom all the sensorswithin their cluster Hence,they mayrun
out of their enegy fasterthanothersensorsOnepossiblesolutionis to run the clustering
algorithmperiodicallyfor load balancing.Anotherpossibility is that clusterheadgrigger
the clusteringalgorithmwhentheir enepgy levels fall below a certainthreshold. We are
currently investicating the behaior of the proposedclusteringalgorithmin the event of
sensorfailures. In the analyticalmodel, we assumecircle representatiofior the cluster
We arelooking to differentimprovementdo derive a tighter boundby studyingthe actual

clustershapeusingmorecomple stochastiggeometrytechniques.
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A Appendix

A.1 Areaof Intersection BetweenTwo Identical Circles

Assumethatwe have two identicalcirclesA andB thatintersectin someareal 55 . Letr
be theradiuslengthandw be the distancebetweerthe two centersA andB asshowvn in
Fig. 22. thentheintersection(l g ) canbe calculatedasfollows:

| as = 2 (areaof sectorCBD - areaof triangleCBD)

Areaof sectorCBD = 1:2 :R? = :R?

) lag = 2(R? 3$R%sin2)=(2 sin2)R?

wherew = 2R cos (usingcosinerule)

Figure22: Areaof intersectiorof two circles
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