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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 distributed
clustering service is proposed that maintains cluster
connectivity under reasonable assumptions. 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 connectivity of
the cluster graph. Experimental studiespresentedshow
that the algorithm rapidly stabilizes to 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 connectivity.

I . INTRODUCTION

In mobileadhocnetworks (MANETs) clusteringis
a commonbasisfor building higherlevel applications
like routing, tracking,and location management.Un-
derlying every MANET applicationthereareinherent
trade-offs betweenaccuracy, energy consumption,ro-
bustness,andmemoryrequirements[22]. Accordingly,
themerit of a clustereddecompositiondependson the
applicationwhich usesit. In a routing protocol, for
example,whereeachclusterheadmaintainscomplete
route to all cluster members,smaller clustersimply
lessstatemaintainedby the clusterheadandtherefore
are preferableover larger clustersfor scalability. Al-
thoughsmall clustersresultin a high latency between
nodesthat are far apart in the network, this delay in
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messagedelivery is tolerated.Accordingly, the clus-
tering schemestypically usedfor routing decompose
the network into 2-clusters. In contrast, for refer-
encebroadcastbasedclock synchronization(RBS) [6]
large, denselyoverlappingclustersare preferable.In
RBS,eachclusterbehavesasa synchronizedunit and
timing informationis sharedbetweennodesbelonging
to differentclustersthroughcommon“gateway” nodes
constitutinga time-routingpath.Shorterthepath,more
accuratethesynchronizationbetweenclusters.So,it is
desirableto have few largeclustersspanningtheentire
graph.In general,larger, heavily overlappingclusters
improve the robustness,accuracy, and latency of the
applicationusing the clusters,while adverselyaffect-
ing the power consumption,memory requirements,
and the longevity of the mobile nodes.

Irrespective of thesizeof theclusters,mostapplica-
tions requirethe clustersto beconnected.This canbe
achievedin anadhocfashion,by arbitrarily increasing
the broadcastradiusof the clusterheads.This is unde-
sirable for two reasons:�rst, it shortensthe battery
life of the clusterheadsbecausethe power requiredto
transmit a messageover distance � increasesas an

����� degreepolynomial of � , where �	��
 [20], and
secondly, it givesrise to extra interference.

In this paper, we proposea robust distributedclus-
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 clustereddecompositionare controlled by two
parameters,namely, � - the minimal separationbe-
tween clusterheads,and 
 - the maximum allowed
angular gap betweenneighboringclusterheads.Fur-
ther, the algorithmminimizesthe broadcastpower of
the clusterheadswhile guaranteeingthe connectivity
of the cluster graph. We prove that for any value
of � , the optimal value of 
 is 
������������

���

� (1.0107
radiansapprox.),in following sense:this value of 




minimizesthe transmissionpower of the clusterheads
while guaranteeingconnectivity of the clustergraph,
provided the given distribution of the mobile nodes
can be connectedwhen each node transmits with
maximumpower.

Theclusteringserviceis implementedin two layers.
The bottom layer selectsthe clusterheadsbasedon
a maximal independentset algorithm,suchthat each
clusterheadis at least � distanceaway from all other
clusterheads.The top layer decidesthe transmission
power used by the clusterheads,based on certain
locally checkablecondition.Speci�cally, eachcluster-
headincreasesits transmissionpower until it learns
about anotherclusterhead(via somecommonnode)
in every 
 -conearounditself. We discussthedifferent
clustered decompositionsthat can be obtained by
running the algorithm with different � ����
�� settings.
We alsopresentexperimentalevidencesupportingthe
robustnessof thealgorithmwhensubjectedto changes
in the underlying network topology owing to node
failuresand joins.

The rest of the paperis organizedas follows: The
next sectioncites and differentiatesrelatedwork. In
Section III the systemmodel is described.In Sec-
tion IV the detailsof the algorithmsconstitutingthe
clustering service are presented.In Section V the
optimal valueof the parameter
 , the angulargap, is
derived and certain other optimizationsto the basic
clustering service are suggested.In Section VI the
simulationresultsevaluatingthe behavior of the algo-
rithm with different parametersettingsare presented,
with respectto stability, robustness,andthe generated
clustertopologies.Finally, SectionVII concludesthe
paperwith a synopsisof the contributions and direc-
tions for future research.

I I . RELATED WORK

Thenotionof clusterorganizationhasbeenusedfor
ad hoc networks ever since their appearance.In [2],
[7] a distributed clusteredarchitectureis introduced
for hierarchicalrouting. Gerla et. al. [9], [16] have
presentedclusteringalgorithmsfor ef�cient resource
allocation,namelybandwidthandchannel,in orderto
supportmultimediatraf�c. Most clusteringalgorithms
produce a 2-clustering of the network graph. The
generalizationof this problem to k-clustering was
introduced in [1], and used for routing in [13]. It
is known that k-clustering is NP-complete[5] for
simpleundirectedgraphs.FernandessandMalkhi [8]
havegivenapolynomialtimeapproximationalgorithm

for k-clusteringwith �����	� worst caseratio over the
optimal solution.

Most clusteringalgorithmsincluding ours,work in
two phases.First, a subsetof nodesin thenetwork are
selectedto actascoordinatorsor theclusterheads.The
criterion for selectingthe clusterheadsdiffer between
algorithms,themostcommononesbeingbasedon the
node identi�ers [2], [7], [9] and node degrees[17].
In [3] a nodemobility basedcriterion hasbeenused
for selectingthe clusterheadsto cope with dynamic
changesin the network topology. The secondphase,
which is typically initiated by the clusterheads,is
concernedwith maintainingthe extentof the clusters.
A clusterheadmay inform its membernodesabout
their membershipexplicitly, by sendinga message,
or dependingon the application,may just store the
membershipinformation in its own state.

Insteadof sendingmessagesexpresslyfor imparting
the membershipinformation to each membernode,
the clusterheadcan periodically broadcasta beacon
with a particular transmissionpower to mark its ex-
tent [14]. It hasbeenshown in [10] that for a uniform
distribution of a large number of wireless nodes,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
areproposedwhichdecidethetransmitpower for each
packet, therebyimplicitly creatingtransmissionpower
basedclusters.Our clusteringserviceis closerto the
algorithm presentedin [14], in that, we use power
controlto explicitly maintaintheextentof theclusters.

Varying the transmissionpower of nodesfor ef�-
cient topologycontrol in wirelessnetworks wasstud-
ied in [19]. Li et al. [15], [21] describea conebased
topology control (CBTC) algorithm using directional
sensorswhich guaranteesglobal connectedness.The
CBTC� 
�� algorithmincreasesthe transmissionpower
of anode
 until thereis anodewithin its transmission
radius in every cone of angle 
 around it. It has
been shown in [21], [15] that for 
��


�
���� the
power settingsobtainedfrom CBTC� 
�� are suf�cient
for maintainingconnectivity. Hajiaghayi et. al. [11]
presenteda modi�ed version of the CBTC protocol
with 
������

��� , to ensurek-connectivity of the network.
Our algorithmfor determiningthe transmissionpower
of eachclusterheadis similar to CBTCbut it maintains
connectivity betweenclustersrather than individual
vertices.



I I I . PRELIMINARIES

In this sectionwe discussour modeland introduce
the notationsandde�nitions usedthroughoutthe rest
of this paper.

The mobile nodesareassumedto be distributed in
a 2-dimensionalplaneand eachnodehasan unique
identi�er. Each node can broadcastmessagesat dif-
ferenttransmissionpower levels; themaximumpower

�

being the samefor all nodes.The nodesdo not
possessknowledgeabout their location in the plane,
however they do have directional antennas,and a
commonsenseof direction.Having directionalanten-
nas is consideredto be a reasonableassumptionand
have beenusedelsewhere in the ad hoc networking
literature(see,e.g.,[15], [21], [4]). Thecommonsense
of directioncanbe achieved by meansof a compass.

The mobile nodes can fail or migrate, and new
nodescanjoin thenetwork. Whena nodefails it loses
its state.If a failed noderecovers, it behavesas if it
werea new nodeand tries to join the network.

At agiveninstantof timethemobileadhocnetwork
is representedasa directedgraph ��� ��� ��� � , where

� is the set of mobile nodesand � the set of edges
determinedby the transmissionpower of the nodes.
The transmissionpower �
	 of node 
 determinesthe
transmissionradius, � ����	�� , and if 
 is a clusterhead
then � ���

	
� alsode�nes the clusteraround 
 , which is

the setof nodes


�

	

������� ��� ��� � 
 ��� � � � ����	���� .
A clusteringalgorithmorganizesanetwork of nodes

into a set of 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 cluster in � . The sparsity of � is a
measureof connectivity betweenthe clusters.It is the
maximumnumberof clustersto which any particular
node belongs.If � is a partition, that is, if all the
clustersare disjoint, then sparsity is the maximum
numberof neighboringclustersof any cluster.

De�nition 1. The cluster graph induced by a
set of clusters � � ��


�

� � � � �!
#"%� is the undi-
rected graph & � �(' ��) � with ' � � and

)*�+� ��
#,	�!
#	 �%�

#,.-/
#	10 �324� .

De�nition 2. A path in a cluster graph &5� �(' ��) �

is a sequenceof clusters ��


�

� � � � �!
76 � , such that each

#8:9�' and ��
#8 �!
#8<;

�

�/9�) for every �>=@? . The
clustergraph & is connectedif there is a pathbetween
every pair of cluster in ' .

IV. THE ALGORITHMS

Theclusteringserviceis implementedin two layers.
The �rst layer, namely the Start Cluster algorithm
(SC), maintainsa set of cluster heads A , no two
of which are closer than a distance � , where � is a
parameterof the algorithm.The secondlayer, 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 ClusterAlgorithm

The Start Cluster algorithm (SC) is a dynamic
versionof theclassicalmaximalindependentset(MIS)
algorithm[18]. Thenodesselectedto be in thesetare
the clusterheadsand all other nodesare the ordinary
nodes.

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

De�nition 4. An s-independentsetof a graph � with
vertices � is a set of vertices A EF� , no two of
which are within a distanceof G of each other. An s-
independentsetis maximal if no vertex canbeadded
to it without violating s-independenceproperty.

In the classicalMIS algorithma nodedecidesto be a
clusterheadonceandfor all whenit learnsthatall the
neighboringnodeswith higheridenti�er have decided
not to be clusterheads.And, a nodedecidesto be an
ordinarynodewhenit learnsaboutaneighborwhohas
decidedto beaclusterhead.Our reactiveversionof the
MIS algorithmmakesdecisionsfor a �nite interval of
time, andso it hasto beexecutedrepeatedlyby every
participatingnode.This makes it possiblefor a node
to take thenecessaryactionswhentherearesigni�cant
changesin its neighborhood.Once a node decides
to be a clusterhead,it remainsa clusterheadfor an
interval HJI , afterwhich it continuesto bea clusterhead
only if all the nodeswith higher identi�ers in its s-
neighborhoodareordinary. A nodedecidesto remain
ordinary for as long as it is awareof a clusterheadin
its S-neighborhood,and renews its bid to becomea
clusterheadonly whenit stopshearingfrom the latter.

Every participatingnodeexecutestheSC algorithm
shown in Figure1. Themain subroutinedecidesif the



particularnodeis goingto bea clusterheador not,and
the messages thread handlesthe input message
queue.Every decision messagereceived by a node
is stampedwith an expiration time (TTL) measured
by the local clock ����� of the node. When node 


receives a
�����
	����
�

��� � messagefrom node � in its
s-neighborhood, it adds� � , in anarray � 	 with a TTL

H I time after the time of receptionof the message.
Node 
 decidesto become/remaina clusterheadat
time �����

	 if it hasreceiveda decided(0) message
from every nodein its s-neighborhoodwithin the last

H I interval of time. The algorithm is said to have
stabilizedonce all the nodesin the network � have
decided.Oncethenetwork stabilizes,andthereareno
further joins, failures,or migrations,the setof nodes

A with �
	

��� constitutea maximal s-independent
setof thenetwork. In theworstcase,stabilizationmay
take � � ����
4? ��� ��� time.

message thread:

On receiving �������������������! #"%$'&)() 

if $'&+*-,.$'&
( then

/

*1032 ; bcast�����+�������4�5�76� 8"�$7&)*4 with 9!*;:=< .
On receiving �����������������76� #"%$'&)() 

>

*
0

>

*@?BA
��$'&+(5"�CED�F

*�GIH
J
 %K

main:

initially /

J
0ML ; every

H
J
time

If for every FONQP�R���S) 
TU$'&+VW,.$7&
*

X

��FY"�Z� [N

>

*
"\Z],.CED4F

* then
/

*
0_^ ;

bcast�����+�����������\^` a"�$7&
(

 with 9!*;:=< .

Fig. 1. TheStartClusteralgorithm.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
brie�y 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-neighborhoodof someother
vertex � 9 A , then it receives the decided(1)
messagefrom � and immediately decides to be

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

���8� � time.

Failur es: When node 
 9 � fails, again there
are two possibilities. Let the network after the
failure be denoted�Bb . If 


�

9 A , that is if 
 is not a
clusterheadthenits failuredoesnot affect thestability
of the algorithm. Otherwise, 
 9 A then one or
moreof the nodesin B1c�� 
�� would becomeeligible to
be a clusterhead.This changemay propagateacross
the network, and in the worst cast a new stable
con�guration would be achieved in � � ����
4? ��� b ���

time.

Migrations: When an ordinary node 


�

9 A

changesits physical location it can be viewed as a
combinationof the above two cases.That is, it fails
in its existing clusterand joins the cluster in its new
location (or becomesa new clusterhead).On the
otherhand,if a clusterhead
 9 A movesinto B

c
�d� �

for someotherclusterhead� 9 A , then the situation
is indistinguishablefrom the casewhere � migrates
into 

b�� cluster. We break the symmetryusing some
heuristics,e.g.,the clusterheadwith the larger cluster
and the lower identi�er remains a clusterheadand
the other nodebecomesordinary. If 
 9�A then its
movementwould be indistinguishablefrom its failure
to thenodesin B1c�� 
�� andthis may triggera complete
reorganizationasdiscussedabove.

Thus, under all possiblescenariosthe SC algorithm
regainsstability within ��� � ��
4? ��� ��� time. If the rate
of failures, migrations, etc., in the network is not
too large then the set A remainsstablemost of the
time. The Clustercontrol algorithm presentedin the
next sectionrelieson the stability of A to producea
robust clustereddecompositionof the network.

C. Control ClusterAlgorithm

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



property that enablesthe clusterheadsto guarantee
global connectivity.

De�nition 5. For a given angle 
 , a clusterhead


is said to satisfythe e 
��gf condition if there existsan

 -coneat 
 in which there is no cluster graph edge
from 
 to any other clusterhead(seeFigure 2).
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Fig. 2. The dark verticesareclusterheadsandthe light onesare
ordinarynodes.Thereis a clustergraphedgebetweentheclusters

�

* and
�

V throughnode � , andthedirectionof theedge&�$79
*

��F1 

is known to S . Thereis no edgebetween
�

* and
�! 

becausethere
is no commonnode.ClusterheadS satis�es "$#&%(' ) but clusterhead

* doesnot.

TheCC algorithmproceedsin rounds;startingfrom
some initial value �,+ , in each round the transmis-
sion power is increasedin steps,accordingto some
function -

�/. , until the maximumpower
�

is reached
or the e 
��gf predicateis violated. An exception to
this stepwisepower incrementrule is madewhen an
ordinarynode � requeststo join the cluster. In which
case,the clusterheadincreasesits transmissionpower
in a singlestepto include � in its cluster.

Beforepresentingthe algorithmmoreformally, we
discuss how the e 
��

f predicate can be ef�ciently
checkedby a clusterheadusingonly local information.
As Figure2 shows, thereexists an edgebetweentwo
clusterheads
 and � , if and only if somenode � is
locatedin the intersectionof their clusters 


	
- 
10 .

Sincethenodespossessa commonsenseof direction,
assumingthat the nodescanalso infer their distances
from signalattenuation,a clusterhead
 canderive the
direction of the commonedge ���32�	 �

�

� to � , using
� �32

	
�(� � and � �32$4 �

�

� , if thelatterdirectionis informed
by � . Once 
 learnsaboutall its commonedges,the

e 
��[f conditioncanbecheckedby maintainingasorted
list 5 	 of all edges;if there exists two consecutive

elementsin 5 	 whosedifferenceis greaterthan 
 ,
then 
 satis�es e 
��gf .

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.Each node � in the network maintainsa set

6

, containingan element � 
 ��� � for every cluster it
belongsto. The �rst component
 is the uniqueiden-
ti�er of the clusterhead,and the secondcomponent

� � ���32�, � 
�� , that is, the directionof 
 with respectto
� . In additionto theset

6

	 andthelist 5 	 mentioned
above,a clusterhead
 alsostoresthe highestvalueof

287$9 , receivedthroughaJoinReq message(described
below), in a variablecalled :4	 .

Message thread:

On receiving �<;��>=?=?@ "�$7&
(

 

A

*;0

A

*
? A

��$'&
(

"%&�$79!*��

*

 � %K

BDCFEHG

�JI)�LK�"

A

*
"%$7&

*
 with power #$MDN

*

On receiving �JI+�LKE"�$7&)(5"

A

() 

if
/

Jg:O^ then
O

* 0

O

*
G A

&�$79!*+�J�E QPg��$7&$R "�&�$79
(

�J�E � gN

A

(
K

% sorted list

"$#&%TS)�

O

*
 0

X

&$U�N

O

*
"VP &$UXW &$UZY\[VP$]^#

On receiving �`_a@��Vb?c+�edE"\9afLg!(+ 

if
/

Jg:O^ then
h

*
0jik#$���

h

*
"�9afLg`() 

main:

if
/

Jg: 2 then % ordinary node

Wait for
H
J

if
A

*
:ml then

bcast �ona@��Vbac+�ad5"�9efLg
*

 with power 9efLg
*

9afLg
*

0piQ$7C��rq]"3s�C8M���9efVg
*

 � 

if
/

J
:O^ then % clusterhead

if "$#V%tS+�

O

*
 
Tu%

*wv
q then

%
*

0pix#y���Js�CXM4�z%
*

 a"

h

*
 

h

*
032

Fig. 3. Cluster control procedure.For ordinary nodes
/

J
: 2

andfor clusterheads
/

J
:O^ .

In eachrounda clusterhead
 broadcastsa (Hello,
��� 	 ) messagewith its currentpower � 	 andwaits for
Acks. Upon receiving an (Ack, ���

, ,
6

, ) from
node � , a clusterhead
 transformsthe directionsin

6

, to its own coordinatesystemand addsthem to
the list 5 	 in sorted order. The clusterheadchecks



the e 
��[f conditionby computingdifferencesbetween
consecutive membersof 5:	 . If the e 
��gf condition is
satis�ed and the transmissionpower is less than the
maximum power

�

, then the tentative transmission
power for the next round is increasedaccordingto
somefunction -

�/. . The actualpower usedfor broad-
castis the maximumof this tentative power and : 	 .

An ordinary node 
 upon receiving a (Hello,
��� , ) messageadds �(��� , ��� �32 	 �d� ��� to its membership
set

6

	 and transmitsan (Ack, ���4	 �

6

	 ) message
with power 


.

��	 . The power 


.

��	 is locally
determinedby 
 such that it is suf�cient to either
reach some intermediatenode that can forward the
messageto � , or it reaches� directly. If it times out
before receiving a Hello messagethen it sendsa
(JoinReq, 2 7y9 	 ) messagewith power 287y9�	 to the
nearestknown clusterhead.If thereis a clusterhead


b

within � distancefrom 
 , then 
 sendsthe JoinReq
to 

b , otherwise 
 performsa discovery processby
broadcastingJoinReq with increasingpower until
it receivesa Hello message.

For small values of 
 , the e 
��gf predicateis easier
to satisfy, and the broadcastpower of a clusterhead
has to be high in order to discover nodes which
are farther away and learn about other clusterheads.
On the other hand,with large valuesof 
 the e 
��

f

condition might be violated with a small broadcast
radius, but this may result in disconnectedclusters.
Therefore,we have to �nd the maximumvalue of 


which ensuresconnectivity of the cluster graph. In
the next sectionwe derive this valueof 
 for a static
network.

V. OPTIMAL CONE ANGLE FOR POWER

EFFICIENCY AND CONNECTIVITY

Given a network � � ��� ��� � anda set A E5� of
clusterheads,let &

�

� and &

f

� be the inducedcluster
graphscorrespondingto every �

9 A transmitting
with maximumpower

�

and the power assignedby
CC(
 ) algorithm,respectively. We shall prove that for


�� 
4" f
4

�


�� ��� ���
�

���

� , the cluster graph &

f

� is
guaranteedto be connectedif &

�

� is connected.The
value 
4" f

4 correspondsto the angleat the centerof
a circle with radius

�

subtendedby the interceptsof
an arc of radius 


�

drawn with the samecenterwith
anothercircle of radius

�

touchingthe �rst circle (see
Figure 4). For proving the above statementwe make
useof the following geometricLemma:

�

� �

���
	��

�

Fig. 4. Geometricinterpretationof the maximalconeangle # :


��������

[��
[��

� : 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 � on the line segment� 


such that � ���D� �

�

and � 
 � � �

�

, and any point
� on the line ��� making ����� 
 �

����� ���
�

���

� . If � =

� �

�

� =�� � 
 � , then ?>�

�

���

�

� � � �

�


 � � �

�

.

Proof. Seethe appendix.

Theorem 1. If 
 �


������

���

�

���

� then &

f

� preserves
connectivityof &

�

� ; for ����
39 A , 


f

,

and 


f

	

are
connectediff 


�

,

and 


�

	

are connected.

Proof. Given the same set of clusterheadsA , the
inducedclustergraph &

f

� is a subgraphof the cluster
graph &

�

� , therefore it is clear that if 


f

,

�!


f

	

are
connectedthen 


�

,

�!


�

	

must also be connected.We
prove the converseas follows.

Supposeclustergraph �

�

� is connectedwhile �

f

�

is not.So,thereexistsat leastonepairof clusters,such
that thereis no pathbetweenthemin &

f

� . We select
onesuchpair 


f

,

�!


f

	

, for which the distancebetween
their clusterheads,� � ��� �d� ��
�� is thesmallest.Since &

�

�

is connectedwe know that ��� ��� �d� ��
�� �




�

and that
thereexistsa vertex � 9 


�

,

- 


�

	

. Since�

�

9 


f

,

-.


f

	

,
it follows that the radius of the clusters 


f

,

and 


f

	

cannotboth be equalto
�

. At leastoneof the radii is
lessthan

�

, let us assumewithout loss of generality
that 2

,
=

�

, therefore 2
	

�

�

. Then, � must have
terminatedthe 
%
�� 
�� with e 
��]f � 5 , �/� ��!�" #%$ , that
is, there exists an edge between � and some other
clusterheadwithin the 
 conebisectedby � 
 (asshown
in Figure5). Let � be sucha clusterheadthat makes
the angle & minimum. Therefore,& �

�����������

���

� , and
�

� � 2�,(' 2
0

� 2�,)'

�

= � 
 . From Lemma1 we
know that either � 9 


�

0

or 
/9 


�

0

. In otherwords,



�

0

and 


�

	

areconnectedin &

�

� .
Since � = �

�

= � 
 , and & = �

� , it follows



that �


 = � 
 . By our assumption 


f

0

and 


f

	

are not connected.So we have a pair of clusters



�

,

�!


�

0

which are connectedin &

�

� but not in &

f

� ,
with � � ��� �d���

�

�+= � � ��� �d� ��
�� . This contradictsour
assumptionthat � ��
 were the closest such pair of
disconnectedclusterheads.

To show that the above value 
 �


������ ��� �

���

� is in
fact the maximumpossiblevalueensuringconnectiv-
ity, we constructa simple counterexample.Consider
thescenariowhere 
 '


 � is usedastheconeanglefor
the e 
�� condition(Figure5). Theclusters


�

,

and 


�

	

areconnectedthroughvertex � . Owing to thepresence
of the node � within

�����

distanceof � , thereis an
edgebetween


f!;

���

,

and 


f!;

���

0

in theupperhalf & '

� -
cone.Similarly, thereis an edgebetween


f!;

���

,

and



f!;

���

� . Clusterhead� , therefore,violatesthe e 
��@f!;

���

conditionandterminatesthe clustercontrol algorithm
with a � ����	 � �

�	�
�

. As a result �

�

93


f ;

���

,

, and



f!;
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is not connectedto the restof &

f ;
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.
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�

Fig. 5. Clusterheadusesa "$#&%tSVY���� criterion which makes its
radius � W! , disconnectingcluster

�

* .

A. Optimizations

It is possiblethat the power assignedby the CC
algorithm describedabove is too high for a cluster-
head after new nodes join in its neighborhood.In
this section we presentsome optimizations to the
basic CC algorithm to improve its ef�ciency under
suchdynamicconditions.Essentially, a clusterhead


shouldshrink its broadcastradius from a high value
�

b

	

to a lower value �
	 when the membernodesat a
distancefarther than � ���

	
� do not contribute to 5

	 .
The Shrink back procedure,shown in Figure 6 is
invoked by the clustercontrol algorithmto reducethe
transmissionradius.

Shrink back(c):
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Fig. 6. Shrinkbackoptimization.M is aparameterof theprocedure
which determineshow aggressively the broadcastradius is cut
down.

Clusterhead
 keepsrecord of the distanceto the
farthestmembernode which actually contributes to-
wardssatisfying the e 
�� predicate.The sets 5

	 and
5 b

	

are complementarysubsetsof 


	 : 5.	 is the set
of nodeswhich do not belongto any othercluster; � 	

and �
b

	

are the correspondingdistancesto the farthest
node.Clearly, 
 cannotshrinktheclusterradiusbelow

��	 , becausethat would make someof the nodesin
5 	 cluster-less. The set 5 b

	

is the set of directions
in which 
 hasedgesvia nodeswhich arecloserthan

�
b

	

�

. . Thethebroadcastradiusis reducedto a �
b

	

�

. ,
if this doesnot createnew gaps,andif thenew radius
doesnot excludeany of the nodesin 5 	 .

VI. SIMULATION

In this sectionwestudytheperformanceof theclus-
tering servicethroughsimulationbasedexperiments.
We observe the clustergraphtopologiesgeneratedby
settingdifferentvaluesof the parameters� and 
 and
therobustnessof thealgorithmunderdynamicchanges
in thenetwork topologydueto nodejoins andfailures.

Our discreteevent simulator, implementedin C++,
emulatesindividual mobile nodeswith asynchronous
communication.For the resultspresentedin this sec-
tion we have used a set of 100 nodesplaced in a
2-dimensionalplane of 300x300 squareunits. The
nodesaredistributed randomlyin the planesuchthat
eachnodelies within themaximumbroadcastdistance
of at least one other node; this guaranteesthat the
underlyingnetwork is connectedwhen all the nodes
broadcastwith maximumtransmissionpower.

A. ClusterGraph Topology

Oneof themainadvantagesof ourclusteringservice
is that,onecancontrol thetypeof clustereddecompo-
sitionof thenetwork by appropriatelysettingthe � and



(a) � =20 
 =1.01 (b) � =30 
 =1.01 (c) � =30 
 =1.57

(d) � =40 
 =0.8 (e) � =60 
 =1.01 (f) � =50 
 =1.57

Fig. 7. GeneratedNetwork Topologiesfor Different Valuesof - and # . Dark dots are the ordinary nodes,and light dots with outer
concentriccircle are the clusterheads.A line betweennodes* and S indicatesthe presenceof an edgebetweenclusters

�

( and
�

* in
the clustergraph.


 . Figure7 showsthequalitatively differentclusterings
that weregeneratedby the serviceon the samedistri-
bution of mobile nodes.In Figure 7(a), the minimal
distancebetweenclusterheads�/�




� is small, as a
resulta large fraction of the nodesin the network are
clusterheads.The coneangle 
 is set to � ��� � radians,
which is close to the maximal cone angle ( � ��� � ���

radians)prescribedby Theorem1, and thereforethe
clustergraphis sparselyconnected.In comparison,the
cluster graph of Figure 7(b) with �.�

�

� has fewer
clusterheadsbut they are more densely connected.
Increasingthe coneangle 
 keeping � �x ed at �

� we
observe (Figure 7(c)) that the sparsityof the cluster
graphincreases.Increasing� to � � and reducingthe
cone angle 
 to � ��� results in a further decreasein
thenumberof clusterheadsandgivesthedenselycon-
nectedclustergraphof Figure7(d). With largervalues

of 
 , the e 
��gf predicatein theCCalgorithmis violated
with a lower power level for clusterheadswhich are
surroundedby other clusterheads,and thereforethe
resultingclustergraphis sparserwith smallerclusters.
Comparing Figures 7(e) and 7(f) to Figures 7(b)
and 7(c) respectively, we observe that for the same
valueof 
 , increasing� resultsreductionin thenumber
of clusterheadsand an increasein the sparsityof the
clustergraphs.

In general,with larger valuesof � the connectivity
of the cluster graph, the size of the clusters, and
the power consumedincreases,while larger values
of 
 decreasesconnectivity and size of the clusters.
Therefore,basedon the requirementsof a particular
applicationthe valuesof � and 
 canbe so chosenas
to producedesirableclustereddecomposition.



B. Average ClusterDegree

Unlike sparsity(the maximumclusterdegree),the
averageclusterdegreemeasureshow well the cluster
graphis connected,on anaverage.Averageclusterde-
greeis an importantrobustnessmetric becauseit tells
usthenumberof neighboringclusterheadsthatcanfail
beforean averageclusterheadgetsdisconnectedfrom
the restof the clustergraph.The degreeof cluster 
 	

is obtainedsimplyby countingthenumberof elements
in theset 5 	 . We take theaverageoverall clustersand
observe this value over time as the servicestabilizes
(Figure8).

Our �rst observation is that,with � � � � the stable
valueof the averageclusterdegreeis higherthanthat
with � �




� , irrespective of the valueof 
 . Secondly,
for eachvalueof � , theaverageclusterdegreeis higher
for a smallervalueof 
 . Both theseobservationsarein
accordancewith our expectationsas explainedin the
previoussection.It is to benotedthat,for largevalues
of � , a smaller fraction of clusterheadsare located
at the edge of the grid. Since, theseedge clusters
have fewer neighboringclusters,andthereforea lower
clusterdegree,theaveragedegreeof the clustergraph
is lower thanwhat would be expectedotherwise.

Fig. 8. Averagedegreeof the clusterheads.

C. Stability after Failuresand Joins

In this sectionwe study the robustnessof the clus-
tering serviceunderdynamicchangesin the underly-
ing network topology. The network topologychanges
when mobile nodes move, fail, or new nodes join
the network, and we are interestedto examine the
stabilizationtime, that is, how quickly the remaining

nodesof the network reacha agreeablestatewhere
they areorganizedinto aclustergraph.In thesimulator
we measurestabilizationtime asfollows: First we let
the CC algorithm stabilize on the initial network of
100randomlydistributedmobilenodes;then,a certain
numberrandomlychosenexisting nodesare failed or
new nodesare added in random locations,and we
observe thenumberof roundsrequiredfor thenetwork
to re-stabilize.The numberof execution rounds for
re-stabilizationgive us an indirect measureof time
requiredby the algorithmto reorganizethe network.

0 2 4 6 8 10 12
30

40

50

60

70

80

90

Rounds

N
um

be
r 

of
 s

ta
bl

e 
no

de
s

Stabilization after failure of 10 nodes from a network of 100

s=40 a=3
s=40 a=1
s=20 a=3

0 2 4 6 8 10 12
20

30

40

50

60

70

80

Rounds

N
um

be
r 

of
 s

ta
bl

e 
no

de
s

Stabilization after failure of 20 nodes from a network of 100 nodes

s=40 a=3
s=40 a=1
s=20 a=3

Fig. 9. Stabilization after node failures. Large and heavily
overlappingclusterstabilizefasterthansmall andsparseclusters.

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



the remainingnodesin the network. As expected,we
observe larger clusterswith greateroverlaps( � � � � )
regain stability more quickly than smaller clusters
( � �




� ). A smaller 
 results in larger clustersand
more overlaps, but also takes longer time for the
cluster control algorithm to terminate,so the effects
of 
 on the the network stabilizationtime is complex
anddependenton the numberof failed nodes.

We performed a similar set of simulations with
new nodesjoining the stablenetwork of 100 mobile
nodes(Figure10).Therearetwo opposingeffectsthat
determinethetotal time to stabilizethenetwork in this
case:�rst, with largerclusters( � � � � ) larger fraction
of the new nodesturn out to be ordinary nodesand
thereforearestableright whenthey join the network.
This makes the initial numberof stablenodeslarge
for large values of � . Secondly, small and densely
connectedclusters( ���




� , 
+� � ��� � ) react more
sharplyto new nodesthan large and sparse( � � � � ,


 �

� ) clusters.
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Fig. 10. Stabilization of algorithm after new nodesjoin the
network. With largervaluesof - , fewer nodesareunstableinitially,
but the responseof the clusterheadsin 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 assumethateach
node is equippedwith identical battery packs. The
battery power consumedto transmit over a distance

� is an ����� degreefunction of � , where 


�

�

�

� .
For this simulationwe assumethatno new nodesjoin
thenetwork, theonly failuresaredueto batterypower

outage,and that the nodesare static. Typically, the
ordinary nodesbroadcastinfrequentlyand over short
distancesand the clusterheadsbroadcastfrequently
over longer distances.Therefore,clusterheadswould
typically run out of battery and die soonerthan the
ordinary nodes.Oncea clusterheaddies,an ordinary
node takes up the job of being the clusterheadand
the cycle continuesuntil the very last noderuns out
of power. Theearly expirationof the clusterheadscan
be mitigatedby systematicallyrotating the broadcast
responsibility of the clusterheadwithin the cluster,
however we have not implementedthis modi�cation
in our algorithmin presentingthe following results.

Figure 11 shows the number of surviving nodes
as the execution of the algorithm progressesover
time. With large, denseclusters( �/� � ����
 ��� ��� � ),
there is a distinct 'knee' in the curve beyond which
the numberof surviving nodesdiminish sharply. In
contrast,sparserclusters( �>� � ����
 �

� ) result in a
graduallydegradingnetwork. Further, when the ( � �

� ����
1� � ��� � ) curve startsto drop at the 'knee' point,
the numberof surviving nodeson ( � � � ����
>�

� ) is
alreadydown to 45. Therefore,form thepoint of view
of longevity, thepreferredtypeof 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(- :
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2)"3# :�� ) result
in a gracefuldegradationof the network.

VII. CONCLUSIONS

Themeritsof a clustereddecompositionfor 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 paper we have proposedan adaptive
clusteringservicethat can be tunedto suit particular
MANET applications.The cluster control algorithm
minimizesthe transmissionpower of the clusterheads
while guaranteeingthat the produced clusters are
connectedwhenever it is physicallypossible.

The clustering service does not rely on global
location information. Two parameters� - the inter-
clusterdistanceand 
 - themaximumallowedangular
gap betweenneighboring clusterheads,are used to
control the sizeand sparsityof the clustersproduced
by the service,andtherebyachieve the desiredtrade-
offs amonglatency, energy ef�ciency, androbustness.
Wehaveshown that 
�� ��� ��� �

���

� (approx.1.0107rads)
is the optimal value of 
 which minimizesthe trans-
mission power of the clusterheadswhile guarantee-
ing connectivity of the cluster graph, provided that
the underlyingnetwork is connectedwhen all nodes
broadcastwith maximum power. We have presented
experimentalresultsshowing the qualitatively differ-
ent type of clusteredorganizationsthat can be ob-
tainedfrom thealgorithm.Our simulationexperiments
demonstratethat the algorithm rapidly recovers from
instability causedby nodefailuresandjoins.

Theempiricalevidencepresentedheresuggeststhat
the algorithmhasnice self stabilizationproperties;in
the future we plan to rigorously analyzeits behavior
underdynamictopologychangesandalsoextend the
results to three dimensionaldistribution of mobile
nodes.Our long term goal is to focus on particular
MANET applications (e.g., tracking, routing), and
use this clusteringalgorithm in conjunctionwith the
chosenapplicationto examinethe performanceof the
applicationasa function of the clustermetrics.
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APPENDIX

Proof of Lemma1.

Proof. Draw circles � and 5 with radii
�

andcenters
� and 
 , respectively. Let the pointsof intersectionof
��� with � and 5 be . , � , and ��b respectively. We
considerthreecasesbasedon the positionof � in ���

(seeFigure12).
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Fig. 12. Nodesarepresentat * , S , � , and F which is any point
on *�� , with P

*

SXP[, P

*

F P .(a) Cases1 and 2: node F is located
either insidecircle � or

"

. (b) Case3: node F is betweenM and
�

but outsideboth � and
"

.

Case 1: � is locatedto between � and � . Let �

b

be the closestpossiblelocation of � from � . Since
��� �

& =

�

���

� and � �

�

b

� = � � 
 � it follows that �����

and �����
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���
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Case2: � is locatedbetween. and � . From � ���D� �

�

, � � 
 �*�

�

, and & = �

� , it follows that � �

.
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.
Therefore,for any locationof � in � 
 , �

�k.
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.
Case3: � is locatedin between. and � andoutside

of both � and 5 (Figure 12(b)). First we show that
� �'� ���

�

. Let ��� bea tangentto 5 on thesamesideof
� 
 as � � . Since � � 
J� �
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, it follows that � ����� �

�

.

Therefore � �'� � �
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. From case2 it is known that
� �

.
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, it follows thatfor any positionof � between
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