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Abstract— A Mobile Ad Hoc Network (MANET) is
a wir elessinfrastuctur elessnetwork with mobile nodes.
Clustering is a common basis for building higher level
applications for such networks. The merit of a clus-
tered decomposition depends on the application that
is meant to use it. A power control based distrib uted
clustering sewice is proposed that maintains cluster
connectvity under reasonableassumptions. The size
and sparsity of the clustering can be controlled by two
parameters,namely, the minimal separationbetweenthe
clusterheads,and the maximum angular gap between
neighboring clusterheads. The optimal value of the
latter is derived; this minimizes the transmission power
of the clusterheadswhile guaranteeing connectiity of
the cluster graph. Experimental studies presentedshow
that the algorithm rapidly stabilizesto a new clustered
organization after the network topology changesdue to
node joins and failur es.

Index Terms— Ad hoc networks; Power control; Clus-
tering algorithms; Cluster graph connectvity.

. INTRODUCTION

In mobile ad hoc networks (MANETS) clusteringis
a commonbasisfor building higherlevel applications
like routing, tracking, and location managementJn-
derlying every MANET applicationthereareinherent
trade-ofs betweenaccuray, enegy consumptionyo-
bustnessandmemoryrequirement$22]. Accordingly,
the merit of a clustereddecompositiordepend®n the
applicationwhich usesit. In a routing protocol, for
example,where eachclusterheadnaintainscomplete
route to all cluster members,smaller clustersimply
lessstatemaintainedby the clusterheadndtherefore
are preferableover larger clustersfor scalability Al-
thoughsmall clustersresultin a high lateng/ between
nodesthat are far apartin the network, this delayin
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messagealelivery is tolerated.Accordingly, the clus-
tering schemegypically usedfor routing decompose
the network into 2-clusters.In contrast, for refer
encebroadcasbasedclock synchronizatio(RBS) [6]
large, denselyoverlappingclustersare preferable.In
RBS, eachclusterbehaesasa synchronizedinit and
timing informationis sharedbetweemodesbelonging
to differentclustershroughcommon“gatewvay” nodes
constitutinga time-routingpath.Shorterthepath,more
accuratehe synchronizatiorbetweerclusters So, it is
desirablgo have few large clustersspanninghe entire
graph.In generallarger, heavily overlappingclusters
improve the robustnessaccurag, and lateng/ of the
applicationusingthe clusters,while adwerselyaffect-
ing the power consumption,memory requirements,
andthe longevity of the mobile nodes.

Irrespectve of the sizeof the clustersmostapplica-
tionsrequirethe clustersto be connectedThis canbe
achievedin anadhocfashion by arbitrarily increasing
the broadcastadiusof the clusterheadsThis is unde-
sirable for two reasons:rst, it shortensthe battery
life of the clusterhead®ecausehe power requiredto
transmita messageover distance increasesas an

degree polynomial of , where [20], and
secondlyit givesrise to extra interference.

In this paper we proposea robust distributed clus-
tering service which can produce the desired type
of clustering of a network for a wide range of
MANET applications.The size and the sparsity of
the clustered decompositionare controlled by two
parametersnamely - the minimal separationbe-
tween clusterheadsand - the maximum allowed
angular gap betweenneighboringclusterheadsFur
ther, the algorithm minimizesthe broadcaspower of
the clusterheadwhile guaranteeinghe connectvity
of the cluster graph. We prove that for ary value
of , the optimal value of is — (1.0107
radiansapprox.),in following sense:this value of



minimizesthe transmissiorpower of the clusterheads for k-clusteringwith

while guaranteeingonnectvity of the clustergraph,
provided the given distribution of the mobile nodes
can be connectedwhen each node transmits with
maximum power.

Theclusteringserviceis implementedn two layers.
The bottom layer selectsthe clusterheadsasedon
a maximal independenset algorithm, suchthat each
clusterheads at least distanceaway from all other
clusterheadsThe top layer decidesthe transmission
power used by the clusterheadspasedon certain
locally checkablecondition.Speci cally, eachcluster
headincreasests transmissionpower until it learns
about anotherclusterheadvia some common node)
in every -conearounditself. We discusshe different
clustered decompositionsthat can be obtained by
running the algorithm with different settings.
We also presentexperimentalevidencesupportingthe
robustnes®f the algorithmwhensubjectedo changes
in the underlying network topology owing to node
failuresandjoins.

The restof the paperis organizedas follows: The
next sectioncites and differentiatesrelatedwork. In
Sectionlll the systemmodel is described.In Sec-
tion IV the details of the algorithmsconstitutingthe
clustering service are presented.In SectionV the
optimal value of the parameter , the angulargap, is
derived and certain other optimizationsto the basic
clustering service are suggestedIln SectionVI the
simulationresultsevaluatingthe behavior of the algo-
rithm with different parameteisettingsare presented,
with respecto stability, robustnessandthe generated
clustertopologies.Finally, SectionVIl concludeshe
paperwith a synopsisof the contrikutions and direc-
tions for future research.

Il. RELATED WORK

Thenotion of clusterorganizatiorhasbeenusedfor
ad hoc networks ever sincetheir appearanceln [2],
[7] a distributed clusteredarchitectureis introduced
for hierarchicalrouting. Gerla et. al. [9], [16] have
presentectlusteringalgorithmsfor ef cient resource
allocation,namelybandwidthandchanneljin orderto
supportmultimediatrafc. Most clusteringalgorithms
produce a 2-clustering of the network graph. The
generalizationof this problem to k-clustering was
introducedin [1], and used for routing in [13]. It
is known that k-clustering is NP-complete[5] for
simple undirectedgraphs.Fernandessind Malkhi [8]
have givena polynomialtime approximatioralgorithm

worst caseratio over the
optimal solution.

Most clusteringalgorithmsincluding ours,work in
two phasesFirst, a subsebf nodesin the network are
selectedo actascoordinatorsor the clusterheadsThe
criterion for selectingthe clusterheadsliffer between
algorithms the mostcommononesbeingbasedon the
nodeidenti ers [2], [7], [9] and node degrees[17].
In [3] a node mobility basedcriterion hasbeenused
for selectingthe clusterheadgo cope with dynamic
changesn the network topology The secondphase,
which is typically initiated by the clusterheadsjs
concernedvith maintainingthe extent of the clusters.
A clusterheadmay inform its membernodesabout
their membershipexplicitly, by sendinga message,
or dependingon the application,may just store the
membershignformationin its own state.

Insteadof sendingmessageexpresslyfor imparting
the membershipinformation to each membernode,
the clusterheadcan periodically broadcasta beacon
with a particulartransmissionpower to mark its ex-
tent[14]. It hasbeenshownn in [10] thatfor a uniform
distribution of a large number of wirelessnodes,a
commontransmitpower level is optimal with respect
to the capacityof the network. In general,however
this is not true, and hencethe needfor clusteringby
power control arises.In [12] two routing algorithms
areproposedvhich decidethetransmitpower for each
paclet, therebyimplicitly creatingtransmissiorpower
basedclusters.Our clusteringserviceis closerto the
algorithm presentedin [14], in that, we use power
controlto explicitly maintainthe extentof theclusters.

Varying the transmissionpower of nodesfor ef-
cienttopology control in wirelessnetworks was stud-
iedin [19]. Li etal. [15], [21] describea conebased
topology control (CBTC) algorithm using directional
sensorswhich guaranteegylobal connectednesslhe
CBTC algorithmincreaseghe transmissiorpower
of anode until thereis anodewithin its transmission
radius in every cone of angle aroundit. It has
been shavn in [21], [15] that for the
power settingsobtainedfrom CBTC  are sufcient
for maintaining connectvity. Hajiaghayiet. al. [11]
presenteda modi ed version of the CBTC protocol
with —, to ensurek-connectvity of the network.
Our algorithmfor determiningthe transmissiorpower
of eachclusterheads similarto CBTC but it maintains
connecWity betweenclustersrather than individual
vertices.



1. PRELIMINARIES

In this sectionwe discussour modelandintroduce
the notationsand de nitions usedthroughoutthe rest
of this paper

The mobile nodesare assumedo be distributedin
a 2-dimensionalplane and eachnode has an unique
identi er. Each node can broadcastmessagest dif-
ferenttransmissiorpower levels; the maximumpower

being the samefor all nodes.The nodesdo not
possesknowledge abouttheir location in the plane,
however they do have directional antennas,and a
commonsenseof direction.Having directionalanten-
nasis consideredo be a reasonableassumptiorand
have beenusedelsavherein the ad hoc networking
literature(see.e.g.,[15], [21], [4]). Thecommonsense
of direction canbe achiesed by meansof a compass.

The mobile nodes can fail or migrate, and new
nodescanjoin the network. Whena nodefails it loses
its state.If a failed noderecovers,it beharesasif it
were a new nodeandtries to join the network.

At agiveninstantof time the mobileadhocnetwork
is representeds a directedgraph , Where

is the setof mobile nodesand the setof edges
determinedby the transmissionpower of the nodes.
The transmissiorpowver  of node determineghe
transmissiorradius, , andif is a clusterhead
then alsode nesthe clusteraround , which is
the setof nodes :

A clusteringalgorithmorganizesa network of nodes
into a setof clusters . The cluster
cover is characterizedby its radius or size and
its sparsity. The radius of is the radius of its
largest cluster in terms of physical distance,or the
numberof network hops. The size is the cardinality
of the largest clusterin . The sparsity of is a
measureof connectyity betweerthe clusters.lt is the
maximumnumberof clustersto which ary particular
node belongs.If is a partition, that is, if all the
clustersare disjoint, then sparsityis the maximum
numberof neighboringclustersof ary cluster

Denition 1. The cluster graph induced by a
set of clustes is the undi-

rected graph with and

De nition 2. A path in a clustergraph

is a sequencef clustes , suc that each
and for every . The

clustergraph is connectedif thereis a pathbetween

every pair of clusterin

IV. THE ALGORITHMS

Theclusteringserviceis implementedn two layers.
The rst layer, namely the Start Cluster algorithm
(SC), maintainsa set of cluster heads , no two
of which are closerthan a distance , where is a
parametenf the algorithm. The secondayer, namely
the Cluster Control (CC) algorithm, determinesthe
broadcastpower of the clusterheadsthus de ning
the extent of each cluster The broadcastpower is
determinedby monitoring local membershipand the
overlap with neighboringclusters.This ensuresthat
the set of clusterscover the entire network and that
the resultingclustergraphis connected.

A. Start Cluster Algorithm

The Start Cluster algorithm (SC) is a dynamic
versionof theclassicaimaximalindependenset(MIS)
algorithm[18]. The nodesselectedo bein the setare
the clusterheadsind all other nodesare the ordinary
nodes.

De nition 3. Thes-neighborhood of node is
the setof nodeswithin distance from

De nition 4. Ans-independentsetofagraph with
vertices is a set of vertices , No two of
which are within a distanceof of ead other An s-
independensetis maximal if no vertex can be added
to it without violating s-independencproperty

In the classicalMIS algorithma nodedecidesto be a
clusterheasdbnceandfor all whenit learnsthatall the
neighboringnodeswith higheridenti er have decided
not to be clusterheadsAnd, a nodedecidesto be an
ordinarynodewhenit learnsabouta neighborwho has
decidedo bea clusterheadOur reactve versionof the
MIS algorithmmakesdecisionsfor a nite interval of
time, andsoit hasto be executedrepeatedlyby every
participatingnode. This makesit possiblefor a node
to take the necessaractionswhentherearesigni cant
changesin its neighborhood.Once a node decides
to be a clusterheadjt remainsa clusterheadfor an
interval , afterwhichit continuedo bea clusterhead
only if all the nodeswith higheridenti ers in its s-
neighborhoodare ordinary A nodedecidesto remain
ordinaryfor aslong asit is aware of a clusterheadn
its S-neighborhoodand renevs its bid to becomea
clusterheaanly whenit stopshearingfrom the latter
Every participatingnodeexecuteghe SC algorithm
shonvnin Figurel. Themain subroutinedecidesf the



particularnodeis goingto be a clusterheaar not, and
the messages thread handlesthe input message
gueue.Every decision messagereceived by a node
is stampedwith an expiration time (TTL) measured
by the local clock of the node. When node
receves a messagdrom node in its
s-neighborhoodt adds inanarray  withaTTL
time after the time of receptionof the message.
Node decidesto become/remaira clusterheadat
time if it hasrecevedadecided(0) message
from every nodein its s-neighborhoodvithin the last
intenal of time. The algorithm is said to have
stabilizedonce all the nodesin the network  have
decided.Oncethe network stabilizesandthereareno
further joins, failures,or migrations,the setof nodes

with constitutea maximal s-independent
setof the network. In theworstcase stabilizationmay
take time.
message _thread:
On receving

if then

. bcast with
On receving
main:
initially ;every  time
If for every
then ;
bcast with

Fig. 1. The StartClusteralgorithm.The decided(1) message
is sent when a node decidesto becomea clusterhead while
decided(0) is sentwhena nodedecidesotherwise.

B. Stability of SC

If the network topology changesowing to failure,
migration, or joining of nodes,the algorithm regains
stability, in time, in the worst case.We
briey discussthe performanceof the algorithm in
eachof thesecases.

Joins: When a new node  joins the network
, there are two possiblescenariosthat may arise.
First,if  is within the s-neighborhooaf someother
vertex , then it receves the decided(1)
messagefrom and immediately decidesto be

an ordinary node. Otherwise, is outside the s-
neighborhoodof every node in and it would
decideto be a clusterheadvithin  time. Therefore,
in either casethe algorithm regains stability within

time.

Failures: When node fails, again there
are two possibilities. Let the network after the
failure be denoted . If , thatis if isnota
clusterheadhenits failure doesnot affect the stability
of the algorithm. Otherwise, then one or
more of the nodesin would becomeeligible to
be a clusterheadThis changemay propagateacross
the network, and in the worst cast a new stable
con guration would be achieved in

time.

Migrations: When an ordinary node
changesits physicallocation it can be viewed as a
combinationof the above two cases.That is, it fails
in its existing clusterand joins the clusterin its new
location (or becomesa new clusterhead).On the
otherhand,if a clusterhead movesinto

for someother clusterhead , thenthe situation
is indistinguishablefrom the casewhere migrates
into cluster We breakthe symmetryusing some
heuristics,e.g., the clusterheadvith the larger cluster
and the lower identi er remainsa clusterheadand
the other node becomesordinary |If thenits
maovementwould be indistinguishabldgrom its failure
to the nodesin andthis maytriggera complete
reoganizationas discussedbove.

Thus, under all possiblescenariosthe SC algorithm
regainsstability within time. If therate
of failures, migrations, etc., in the network is not
too large thenthe set  remainsstablemost of the
time. The Cluster control algorithm presentedn the
next sectionrelieson the stability of  to producea
robust clustereddecompositiorof the network.

C. Contmwol Cluster Algorithm

The Control Clusteralgorithm (CC) determineghe
minimum transmissionpower for each clusterheads
such that the cluster graph is connected.The idea
behind CC is similar to the cone basedtopology
control algorithm (CBTC) of [15]. The algorithmis
parameterizedby a coneangle which canbe tuned
to changethe sparsityof the clustergraph.The cone
angle de nes the predicatewhich is the key



property that enablesthe clusterheadgo guarantee
global connectvity.

De nition 5. For a givenangle , a clusterhead
is said to satisfythe conditionif there existsan

-coneat in which there is no cluster graph edge
from to any other clusterheadseeFigure 2).

Fig. 2. Thedark verticesare clusterheadsindthe light onesare

ordinarynodes.Thereis a clustergraphedgebetweerthe clusters
and  throughnode , andthedirectionof theedge

isknowvnto . Thereis noedgebetween and becauséhere

is no commonnode.Clusterhead satises  _ but clusterhead
doesnot.

The CC algorithmproceedsn rounds;startingfrom
some initial value , in eachround the transmis-
sion power is increasedin steps,accordingto some
function , until the maximumpower is reached
or the predicateis violated. An exception to
this stepwisepower incrementrule is madewhen an
ordinarynode requestgo join the cluster In which
case the clusterheadncreasests transmissiomower
in a singlestepto include in its cluster

Before presentinghe algorithm more formally, we
discusshow the predicate can be efciently
checledby aclusterheadisingonly local information.
As Figure 2 shaws, thereexists an edgebetweentwo
clusterheads and , if andonly if somenode is
locatedin the intersectionof their clusters
Sincethe nodespossess commonsenseof direction,
assuminghat the nodescan alsoinfer their distances
from signalattenuationa clusterhead canderive the
direction of the commonedge to , using

and , if thelatterdirectionis informed

by . Once learnsaboutall its commonedges;the
conditioncanbechecledby maintaininga sorted

list of all edges;if there exists two consecutie

elementsin whose differenceis greaterthan ,
then satis es
The CC algorithm (see Figure 3) has a main
subroutine that controls the periodic broadcasts
and managesthe internal data structures,and a
message _thread that handlesthe incoming mes-
sages.Eachnode in the network maintainsa set
containingan element for every clusterit
belongsto. The rst component is the uniqueiden-
tier of the clusterheadand the secondcomponent
, thatis, the directionof  with respecto
. In additionto theset  andthelist mentioned
above, a clusterhead alsostoresthe highestvalue of
recevvedthroughaJoinReq messagédescribed
below), in a variablecalled

Message _thread:

On receving
with power
On receving
if then
% sorted  list
On receving
if then
main:
if then % ordinary  node
Wait for
if then
bcast with power
if then % clusterhead
if then
Fig. 3. Cluster control procedure.For ordinary nodes

andfor clusterheads

In eachrounda clusterhead broadcasta (Hello,

) messagavith its currentpower  andwaits for
Acks. Upon receiring an (Ack, : ) from
node , a clusterhead transformsthe directionsin

to its own coordinatesystemand addsthem to
the list in sorted order The clusterheadchecks



the conditionby computingdifferencesbetween
consecutie membersof . If the conditionis

satis ed and the transmissionpower is lessthan the

maximum power , then the tentative transmission
power for the next round is increasedaccordingto

somefunction . Theactualpower usedfor broad-
castis the maximumof this tentatve power and

An ordinary node upon receving a (Hello,

) messageadds to its membership
set and transmitsan (Ack, ) message
with power The power is locally
determinedby suchthat it is sufcient to either
reach some intermediatenode that can forward the

messagdo , or it reaches directly If it timesout
before receving a Hello messagehen it sendsa
(JoinReq, ) messagavith power to the

nearesknown clusterheadlf thereis a clusterhead
within  distancefrom , then sendsthe JoinReq
to , otherwise performsa discovery processhy
broadcastingJoinReq with increasingpower until
it recevesa Hello message.

For small valuesof , the predicateis easier
to satisfy and the broadcastpower of a clusterhead
has to be high in order to discorer nodes which
are farther away and learn about other clusterheads.
On the other hand, with large valuesof the
condition might be violated with a small broadcast
radius, but this may result in disconnectectlusters.
Therefore,we have to nd the maximum value of
which ensuresconnectvity of the cluster graph. In
the next sectionwe derive this valueof for a static
network.

V. OpPTIMAL CONE ANGLE FOR POWER
EFFICIENCY AND CONNECTIVITY

anda set of
clusterheadslet and be the inducedcluster
graphscorrespondingo every transmitting
with maximumpower andthe power assignedoy
CC( ) algorithm,respectiely. We shall prove that for

——, the cluster graph is
guaranteedo be connectedf is connectedThe
value correspondgo the angle at the centerof
a circle with radius  subtendedy the interceptsof
anarcof radius  drawn with the samecenterwith
anothercircle of radius  touchingthe rst circle (see
Figure 4). For proving the above statementve make
useof the following geometricLemma:

Given a network

Fig. 4. Geometricinterpretationof the maximal coneangle

——: the angle subtendedat the centerof a circle from
the interceptsof an adjacentcircle with the sameradius and a
concentriccircle with doublethe radius.

Lemma 1. Considera point

sudt that — and
on the line = making

— , then -

ontheline sggment—
, and any point
—. If

Proof. Seethe appendix.

Theorem 1. If — then preserves
connectivityof ; for , and are
connectedff and are connected.

Proof. Given the same set of clusterheads , the
inducedclustergraph is a subgraplof the cluster
graph , thereforeit is clear that if are
connectedhen must also be connectedWe
prove the corverseasfollows.

Supposeclustergraph is connectedvhile
is not. So,thereexistsatleastonepair of clusterssuch
that thereis no path betweenthemin . We select
onesuchpair , for which the distancebetween
their clusterheads, is thesmallestSince

is connectedve know that and that
thereexistsa vertex . Since ,
it follows that the radius of the clusters and

cannotbothbe equalto . At leastone of the radii is

lessthan |, let us assumewithout loss of generality
that , therefore . Then, musthave
terminatedthe with , that

is, there exists an edge between and some other
clusterheadvithin the conebisectedoy — (asshavn
in Figure5). Let  be sucha clusterheadthat makes
theangle minimum. Therefore, —, and
— —. FromLemmal we

know that either or . In otherwords,
and are connectedn
Since - —, and —, it follows



that — . By our assumption and

are not connected.So we have a pair of clusters
which are connectedn but not in :

with . This contradictsour

assumptionthat were the closestsuch pair of

disconnectedlusterheads. O

To shaw thatthe above value — isin
fact the maximumpossiblevalue ensuringconnectv-
ity, we constructa simple countergample. Consider
the scenariovhere is usedasthe coneanglefor
the condition(Figure5). Theclusters  and
areconnectedhroughvertex . Owingto thepresence
of thenode within distanceof , thereis an
edgebetween and in theupperhalf -
cone.Similarly, thereis an edgebetween and

. Clusterhead , therefore violatesthe
conditionandterminateghe clustercontrol algorithm
with a . As a result , and

is not connectedo the rest of

Fig. 5.
radius

criterion which makes its

Clusterheadusesa
, disconnectingcluster

A. Optimizations

It is possiblethat the power assignedby the CC
algorithm describedabore is too high for a cluster
head after nev nodesjoin in its neighborhood.In
this section we presentsome optimizationsto the
basic CC algorithm to improve its efciency under
suchdynamic conditions.Essentially a clusterhead
should shrink its broadcastadius from a high value

to a lower value  whenthe membernodesat a
distancefarther than do not contrikute to
The Shrink _back procedureshavn in Figure6 is
invoked by the clustercontrol algorithmto reducethe
transmissiorradius.

Shrink _back(c):

then

Fig.6. Shrinkbackoptimization. is aparameteof theprocedure
which determineshow aggressiely the broadcastradius is cut
down.

Clusterhead keepsrecord of the distanceto the
farthestmembernode which actually contritutes to-
wards satisfying the predicate.The sets  and

are complementarysubsetsof is the set
of nodeswhich do not belongto ary othercluster;
and arethe correspondinglistancedo the farthest
node.Clearly, cannotshrinktheclusterradiusbelow

, becausethat would make someof the nodesin

clusterless. The set is the set of directions

in which hasedgesvia nodeswhich arecloserthan

. Thethe broadcastadiusis reducedo a ,

if this doesnot createnew gaps,andif the new radius
doesnot exclude ary of the nodesin

VI. SIMULATION

In this sectionwe studythe performancef theclus-
tering servicethrough simulation basedexperiments.
We obsene the clustergraphtopologiesgeneratedy
settingdifferentvaluesof the parameters and and
therobustnes®f thealgorithmunderdynamicchanges
in the network topologydueto nodejoins andfailures.

Our discreteevent simulator implementedn C++,
emulatesindividual mobile nodeswith asynchronous
communication For the resultspresentedn this sec-
tion we have useda set of 100 nodesplacedin a
2-dimensionalplane of 300x300 square units. The
nodesare distributed randomlyin the planesuchthat
eachnodelies within the maximumbroadcastistance
of at least one other node; this guaranteeghat the
underlying network is connectedwvhen all the nodes
broadcastwith maximumtransmissiorpower.

A. Cluster Graph Topolagy

Oneof themainadwantage®f our clusteringservice
is that,onecancontrolthetype of clustereddecompo-
sition of the network by appropriatelysettingthe and
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Fig. 7. Generated\Network Topologiesfor Different Valuesof

concentriccircle arethe clusterheadsA line betweennodes and

the clustergraph.

. Figure7 shownsthequalitatively differentclusterings
thatwere generatedy the serviceon the samedistri-
bution of mobile nodes.In Figure 7(a), the minimal
distancebetweenclusterheads is small, asa
resulta large fraction of the nodesin the network are
clusterheadsThe coneangle is setto radians,
which is close to the maximal cone angle (
radians)prescribedby Theoreml, and thereforethe
clustergraphis sparselyconnectedln comparisonthe
cluster graph of Figure 7(b) with has fewer

clusterheadshut they are more densely connected.

Increasingthe coneangle keeping xedat we
obsene (Figure 7(c)) that the sparsityof the cluster
graphincreasesincreasing to  andreducingthe
coneangle to resultsin a further decreasdn
the numberof clusterheadandgivesthe denselycon-
nectedclustergraphof Figure7(d). With largervalues

=60

=1.01 () =50 =1.57

and . Dark dots are the ordinary nodes,and light dots with outer

indicatesthe presenceof an edgebetweenclusters and  in

of ,the predicaten the CC algorithmis violated
with a lower power level for clusterheadsvhich are
surroundedby other clusterheadsand thereforethe
resultingclustergraphis sparsewith smallerclusters.
Comparing Figures 7(e) and 7(f) to Figures 7(b)
and 7(c) respectiely, we obsenre that for the same
valueof ,increasing resultsreductionin thenumber
of clusterheadsind an increasein the sparsityof the
clustergraphs.

In generalwith larger valuesof the connectvity
of the cluster graph, the size of the clusters, and
the power consumedincreaseswhile larger values
of decreasegonnectvity and size of the clusters.
Therefore,basedon the requirementf a particular
applicationthe valuesof and canbe sochosenas
to producedesirableclustereddecomposition.



B. Average Cluster Degree

Unlike sparsity (the maximum cluster degree), the
averageclusterdegreemeasureiov well the cluster
graphis connectedpn anaverage Averageclusterde-
greeis animportantrobustnessmetric becauset tells
usthenumberof neighboringclusterheadthat canfail
beforean averageclusterheadjetsdisconnectedrom
therestof the clustergraph.The degreeof cluster
is obtainedsimply by countingthe numberof elements
intheset . Wetaketheaverageoverall clustersand
obsenre this value over time asthe servicestabilizes
(Figure 8).

Our rst obsenationis that, with the stable
value of the averageclusterdegreeis higherthanthat
with , irrespectve of the valueof . Secondly
for eachvalueof ,theaverageclusterdegreeis higher
for asmallervalueof . Boththeseobsenationsarein
accordancevith our expectationsas explainedin the
previous section.It is to be notedthat, for large values
of , a smaller fraction of clusterheadsare located
at the edge of the grid. Since, these edge clusters
have fewer neighboringclusters andthereforea lower
clusterdegree,the averagedegreeof the clustergraph
is lower thanwhat would be expectedotherwise.

Fig. 8. Averagedayreeof the clusterheads.

C. Stability after Failuresand Joins

In this sectionwe studythe robustnessof the clus-
tering serviceunderdynamicchangesn the underly-
ing network topology The network topology changes
when mobile nodes move, fail, or new nodesjoin
the network, and we are interestedto examine the
stabilizationtime, thatis, how quickly the remaining

nodesof the network reacha agreeablestate where
they areorganizednto aclustergraph.In thesimulator
we measurestabilizationtime asfollows: First we let
the CC algorithm stabilize on the initial network of
100randomlydistributedmobile nodesthen,a certain
numberrandomly chosenexisting nodesare failed or
new nodesare addedin random locations, and we
obsene the numberof roundsrequiredfor the network
to re-stabilize. The number of execution roundsfor
re-stabilizationgive us an indirect measureof time
requiredby the algorithmto reowganizethe network.

Stabilization after failure of 10 nodes from a network of 100
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Stabilization after failure of 20 nodes from a network of 100 nodes
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Fig. 9.  Stabilization after node failures. Large and heaily
overlappingclusterstabilizefasterthan small and sparseclusters.

The plots in Figure 9 shov the changingnumber
of stablenodesin the network after the set of nodes
have failed. Initially the numberof stablenodesde-
creasesasthe effect of failure propagateshroughthe
network, but this effect stopsand eventually the new
cluster structure emepes leading to stability of all



the remainingnodesin the network. As expected,we
obsenre larger clusterswith greateroverlaps( )
regain stability more quickly than smaller clusters
( ). A smaller resultsin larger clustersand
more overlaps, but also takes longer time for the
cluster control algorithm to terminate,so the effects
of on thethe network stabilizationtime is comple
and dependenbn the numberof failed nodes.

We performeda similar set of simulations with
new nodesjoining the stablenetwork of 100 mobile
nodes(Figure10). Therearetwo opposingeffectsthat
determinethetotal time to stabilizethe network in this
case:rst, with largerclusters( ) largerfraction
of the new nodesturn out to be ordinary nodesand
thereforeare stableright whenthey join the network.
This makes the initial humberof stable nodeslarge
for large valuesof . Secondly small and densely
connectedclusters ( , ) reactmore
sharplyto new nodesthan large and sparse( :

) clusters.

Stabilization After Nodes Join

Number of Stable Nodes
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o
(<}

—— s=20a=1.01

. . . . . . . !
2 4 6 8 10 12 14 16 18 20
Rounds

Fig. 10. Stabilization of algorithm after nev nodesjoin the
network. With largervaluesof , fewer nodesareunstabldnitially,

but the responseof the clusterheadsn absorbingthe new nodes
is alsoslower.

D. NetworkLongevity

Our last set of simulation results deal with the
longevity of the mobile network with the nodesex-
ecutingthe clusteringalgorithm.We assumehat each
node is equippedwith identical battery packs. The
battery power consumedto transmitover a distance

is an degreefunction of , where
For this simulationwe assumethatno new nodeSJom
the network, the only failuresaredueto batterypower

outage,and that the nodesare static. Typically, the
ordinary nodesbroadcasinfrequentlyand over short
distancesand the clusterheadsbroadcastfrequently
over longer distancesTherefore,clusterheadsvould
typically run out of batteryand die soonerthan the
ordinary nodes.Oncea clusterheadies, an ordinary
node takes up the job of being the clusterheadand
the cycle continuesuntil the very last node runs out
of power. The early expiration of the clusterheadsan
be mitigatedby systematicallyrotating the broadcast
responsibility of the clusterheadwithin the cluster
however we have not implementedthis modi cation
in our algorithmin presentinghe following results.
Figure 11 shavs the number of surviving nodes
as the execution of the algorithm progressesover
time. With large, denseclusters( ),
thereis a distinct 'knee' in the curve beyond which
the number of surviving nodesdiminish sharply In
contrast,sparserclusters( ) resultin a
graduallydegradingnetwork. Further whenthe (

) curve startsto drop at the 'knee' point,
the numberof surviving nodeson ( ) is
alreadydown to 45. Therefore form the point of view
of longevity, the preferredtype of clusteringwould be
determinedby the type of degradationdesiredof the
network.
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Fig. 11. Lifespanof network executingthe clusteringalgorithm.
Thereis a distinct kneein the curve for large denseclusters(

), whereassparseclusters( ) result
in a gracefuldegradationof the network.

VIlI. CONCLUSIONS

The meritsof a clustereddecompositiorfor a given
network graph dependson the MANET application



which uses the clustering. For most applications,
however, it is desirableto have a connectedcluster

graph. In this paperwe have proposedan adaptve

clusteringservicethat can be tunedto suit particular

MANET applications.The cluster control algorithm

minimizesthe transmissiorpower of the clusterheads
while guaranteeingthat the produced clusters are

connectedvhenever it is physically possible.

The clustering service does not rely on global
location information. Two parameters - the inter
clusterdistanceand - the maximumallowedangular
gap betweenneighboring clusterheadsare used to
control the size and sparsityof the clustersproduced
by the service,andtherebyachieve the desiredtrade-
offs amonglateng, enepgy efciency, androbustness.
We have shawn that —— (approx.1.0107rads)
is the optimal value of  which minimizesthe trans-
mission power of the clusterheadswvhile guarantee-
ing connectiity of the cluster graph, provided that
the underlying network is connectedvhen all nodes
broadcastwith maximum power. We have presented
experimentalresultsshaving the qualitatively differ-
ent type of clusteredorganizationsthat can be ob-
tainedfrom the algorithm.Our simulationexperiments
demonstratehat the algorithm rapidly recoversfrom
instability causedby nodefailuresandjoins.

Theempiricalevidencepresentedheresuggestshat
the algorithm hasnice self stabilizationproperties;in
the future we plan to rigorously analyzeits behavior
underdynamictopology changesand also extend the
results to three dimensionaldistribution of mobile
nodes.Our long term goal is to focus on particular
MANET applications (e.g., tracking, routing), and
usethis clusteringalgorithmin conjunctionwith the
chosenapplicationto examinethe performanceof the
applicationas a function of the clustermetrics.
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APPENDIX

Proof of Lemmal.

Proof. Draw circles and with radii andcenters

and , respectiely. Let the pointsof intersectionof
— with  and be , , and respectiely. We
considerthreecaseshasedon the positionof in —
(seeFigure 12).

(a) (b)

Fig. 12. Nodesarepresentat , , ,and whichis ary point

on—, with — — .(a) Casesl and 2: node is located

eitherinsidecircle or . (b) Case3: node is between and
but outsideboth  and

Casel: is locatedto between and . Let
be the closestpossiblelocation of  from . Since
——and~ — it follows that
and — . Using — —,weget
— . Therefore for ary locationof in o

Case2: islocatedbetween and . From —

, , and —, it follows that —
Therefore for ary locationof in —, — .

Case3: islocatedin between and andoutside
of both and (Figure 12(b)). First we shav that
o .Let beatangento onthesamesideof

as—. Since — , it follows that =

Therefore

— , it follows thatfor any positionof

and ,

. From case? it is known that

between
O



