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Abstract— We consider the problem of self-deployment of
a mobile sensor network. We are interested in a deployment
strategy that maximizesthe areacoverageof the network with the
constraint that eachof the nodeshasat leastK neighbors,where
K is a user-speci�ed parameter. We proposean algorithm based
on arti�cial potential �elds which is distrib uted, scalableand does
not requirea prior map of the envir onment.Simulations establish
that the resulting networks have the required degreewith a high
probability, are well connectedand achieve good coverage. We
presentanalytical resultsfor the coverageachievable by uniform
random and symmetrically tiled network con�gurations and use
theseto evaluate the performance of our algorithm.

I . INTRODUCTION

Therehasbeenagrowing interestto studyandbuild systems
of mobile sensornetworks. It is envisagedthat in the near
future, very large scalenetworks consistingof both mobile
and static nodeswill be deployed for applicationsranging
from environmentmonitoringto emergency search-and-rescue
operations[1]. The mobile nodesin the network will enhance
its capabilities- they could be usedto physicallycollect and
transportdata or to recharge and repair the static nodesin
the network. A key step towards realizing such networks is
to develop techniquesfor network nodesto self-deploy and
recon�gure. Further, for successfuloperationof the network,
the deployment should result in con�gurations that not only
provide good `sensorcoverage'but also satisfy certain local
(e.g. node degree) and global (e.g. network connectivity)
constraints.Informally, ConstrainedCoverage is the problem
of �nding a deployment con�guration which maximizesthe
collective sensorcoverageof the nodeswhile satisfyingone
or moreconstraints.

In thispaperweconsiderconstrainedcoveragefor anetwork
whoseconstituentnodesare all autonomousmobile robots.
The constraintwe consideris node degree - the numberof
neighborsof eachnode in the network. More precisely, we
require eachnode to have a minimum degree K , where K
is parameterof the deploymentalgorithm.Our interestin this
particularconstraintis twofold:

1) In several applicationsof sensornetworks, nodedegree
playsanimportantrole.For instance,severallocalization
algorithms require a certain minimum degree for the
nodes[2]. Sometimesa high degreeis requiredfor the
sake of redundancy.

2) Evidencefrom the theoryof randomnetworks indicates
that global network connectivity is strongly dependent

on node degree [3], a local constraint. This ability
to in�uence global network propertiesby manipulating
purely local onesis interesting.

Pragmaticallywe aremotivatedby applicationsof network
deploymentwherea global map of the environmentis either
unavailable or of little use becausethe environment is not
static. We also assumethat no global positioning system
(GPS)is available.An exampleis an urbansearchandrescue
operationwherea building is on �re and�rst responderswant
to gatherinformationfrom insidethe building. We would like
our mobile sensornetwork to deploy itself into the building,
form anetwork with highsensorcoverageandreliably transmit
the requiredinformation to personneloutside.

Our approachto the problem of constrainedcoverageis
basedon virtual potential �elds. We treat eachnode in the
network as a virtual chargedparticleandde�ne simple force
laws to govern the interaction betweenneighboringnodes.
Theselaws incorporatetwo different kinds of forces.One is
a repulsive force that tries to maximize coveragewhile the
other is an attractive force that imposesthe constraintof K -
degree.Asa result of theseforces,a group of nodesplaced
close togetherspreadsout into a network to maximize the
coveragewhile satisfyingthe constraintof K -degree.

I I . RELATED WORK

In 1992,Gageintroduceda taxonomyfor coverageby multi-
robotsystems[4]. He de�ned threekindsof coverage:blanket
coverage,barriercoverageandsweepcoverage.Accordingto
this taxonomyour problemfalls into the category of blanket
coverageproblemswherethe main objective is to maximize
the total detectionarea.

The problemof dispersinga large group of mobile robots
into an unknown environment has received a lot of atten-
tion. Arkin and Ali developed a behavior-basedapproach
for dispersionof robot-teamsby using a random-wandering
behavior coupledwith obstacleandrobotavoidancebehaviors
[5]. More recently, Batalin andSukhatmehave addressedthe
problem of multi-robot area coverage[6].Their approachis
basedon usinglocal dispersionof the robotsto achieve good
global coverage.Pearce,et al. have developeda dispersion
behavior for a group of miniature robots inspired by insect
colony coordinationbehaviors [7].connectivity is a constraint
to taskcompletion



PotentialField techniquesfor robot applicationswere �rst
introduced by Khatib [8] and ever since have been used
extensively to develop elegant solutions for path planning.
Recently, they have alsobeenappliedto multi-robotdomains.
Reif andWanghave usedthe ideaof `socialpotentials'where
the potentialsfor a robot are constructedwith respectto the
other robots [9]. They describeheuristics to design social
potentialsfor achieving a variety of behaviors like clustering,
patrolling, etc. Balch and Hybinette have also developeda
methodbasedon socialpotentialsthat allows teamsof robots
to autonomouslyarrangethemselves into geometricpatterns
while navigatingthroughanobstacle�eld [10]. Thesemethods
do not aim at maximizing the areacoverage.Our algorithm
is mostcloselyrelatedto thepotential�eld-baseddeployment
algorithmproposedby Howard, et al. [11] wherecoverageis
achieved asan emergentpropertyof the system.However, in
this casethereis no constrainton the deployed network.

To the best of our knowledge, the problem of coverage
maximization in network deployment with an explicit node
degreeconstrainthasnot yet beenaddressedin the literature.

I I I . PROBLEM FORMULATION

Problem: Given N mobile nodes with isotropic radial
sensors of range Rs and isotropic radio communicationof
range Rc, how should they deploy themselvesso that the
resultingcon�guration maximizesthe net sensorcoverage of
thenetworkwith the constraint that each nodehasat leastK
neighbors?

De�nition: Two nodes are considered neighbors if the
Euclideandistancebetweenthemis lessthan or equal to the
communicationrange Rc.

We make the following assumptions:
1) The nodesarecapableof omni-directionalmotion,
2) Eachnodecansensetheexactrelative rangeandbearing

of its neighbors,
3) The quality of sensing (communication) is constant

within Rs(Rc) and is zero outside the sensing(com-
munication)range,i.e. it follows a binary model.

We imposecertaindesiderataon the problemsolution.The
deploymentalgorithmshould:

• be distributedandscalable
• not requirea prior mapor localizationof nodes
• adaptto changesin theenvironmentandthenetwork itself
We usethe following threemetricsto evaluatethe perfor-

manceof the deploymentalgorithm.
1) the normalizedper-nodecoverage.This is de�ned as:

Coverage =
(Net Area Covered by the Network)

N � R2
s

In theremainderof thepaper, weusetheterm`coverage'
to meanthe normalizedper-node coverageas de�ned
above.

2) thepercentageof nodesin thenetwork thathave at least
K neighbors.

3) the averagedegreeof the network.

IV. THE DEPLOYMENT ALGORITHM

Potential�eld-basedtechniqueshave beenusedextensively
to solve navigation problems in mobile robotics. In these
methods,virtual potential �elds are used to representgoals
and constraintsand the control law for the robot's motion is
formulatedsuch that it moves from a high potentialstateto
a low potential statesimilar to the way in which a charged
particlewould move in an electrostatic�eld.

In our deployment algorithm, we constructvirtual forces
betweennodes so that each node can attract or repel its
neighbors.The forces are of two kinds. The �rst, Fcov er ,
causesthenodesto repeleachotherto increasetheir coverage,
and the second,Fdegree constrainsthe degree of nodesby
makingthemattracteachotherwhenthey areon the vergeof
being disconnected.By using a combinationof theseforces
eachnodemaximizesits coveragewhile maintaininga degree
of at leastK .

In our experiments,eachnode begins with more than K
neighborsandrepelsall of themusingFcov er till it hasonly
K left. The resultingneighborsare called the node's critical
neighbors andtheconnectionsbetweenthemandthenodeare
calledcritical connections.

The node now communicatesto all its neighborsthat its
connectionwith them is critical and thereforeshouldnot be
broken.It thencontinuesto repelall its neighborsusingFcov er

but as the distancebetweenthe nodeandits critical neighbor
increases,kFcov er k decreasesand kFdegree k increases.As
a result, at somedistance� Rc, where 0 < � < 1, the net
force kFcov er + Fdegree k betweenthe nodeandits neighbor
is zero. At this distance,the node and its neighbor are in
equilibrium with respectto eachother. We call 1

� the safety
factor becausethe larger its value,the smallerthe probability
of critical neighborslosing connectivity.

The forcesare constructedas inversesquarelaw pro�les -
kFcov er k tendsto in�nity whenthedistancebetweennodesis
zeroso thatcollisionsareavoided.Similarly, kFdegree k tends
to in�nity whenthe distancebetweenthe critical neighborsis
Rc so that lossof connectivity betweenthemis prevented.

Figure1 shows a nodewith > K andexactly K neighbors
andFigure2 shows the correspondingforce pro�les.

Mathematically, the forces can be expressedas follows.
Consider a network of n nodes 1; 2; 3; : : : ; n at positions
x1 ; x2 ; : : : ; xn respectively. Let � x ij representtheEuclidean
distancebetweennodesi and j , i.e. � x ij = kxi � xj k

Fcov er andFdegree arede�ned as follows.

Fcov er (i; j) =
�

� K cover

�x ij
2

��
xi � xj

�x ij

�

Fdegree (i; j) =

(
K deg r ee

(∆x ij −R c )2

�
x i −x j

∆x ij

�
if critical connection;

0 otherwise.

whereK cover andK degr ee are the force constants.
The resultantforce betweenthe nodesi and j is

F(i; j) = Fcov er (i; j) + Fdegree (i; j)



(a) Node with > K neigh-
bors

(b) Node with exactly K
(critical) neighbors

Fig. 1

ILLUSTRATION OF THE ALGORITHM FOR K=3
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(a) Non-Critical connection
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(b) Critical connection

Fig. 2

FORCE PROFILES

andnodei will experiencea net force of

Fi =
X

all neighborsj

F(i; j)

The equationof motion for nodei is formulatedas:

ẍi (t) =
�

Fi � � ẋi

m

�

where� is a dampingfactor and m is the virtual massof
the nodewhich is assumedto be 1.

ComputationalDetails

Having describedthe equationof motion for the node,we
discussour choicesof the four parametersK cover , K degr ee,
� and � .

• K cover : Considertwo nodesthatarerepellingeachother.
As the distanced betweenthemincreases,the combined
coverageof the nodesincreases,reachesa maximumof
2� R2

s at d = 2Rs and remainsconstantafter that. This
implies that for d > 2Rs repelling does not improve
coverage.We thereforepick a valuefor K cover suchthat
at

d = 2Rs; kFcov er k � 0

Fig. 3

THE DEPLOYMENT ALGORITHM

• K degr ee: At d = � Rc we want kFcov er + Fdegree k = 0,
i.e.

� K cover

� 2Rc
2 +

K degr ee

(� � 1)2Rc
2

= 0

K degr ee =
(1 � � )2

� 2
K cover

• � : A large� increasestheprobabilityof critical neighbors
getting disconnectedwhile a small � results in lesser
coverage.We useda valueof 0.8 for � . This is a heuristic
choicebasedon experimentalexperience.

• � : We conducteda simple `two-body' variant of our
scenarioby implementingour algorithm on two nodes
to study the variation in their interaction for different
valuesof � . For theseexperimentswe �x ed thevaluesof
K cover , K degr ee and� asexplainedabove.We foundthat
for smallvaluesof � thesystemoscillates.We pickedthe
smallestvalueof � thatdoesnot leadto oscillations.This
value correspondsroughly to the critically dampedcase
for our system.In our experiments,we used� = 0:25.

In the following two sections,we analyze the coverage
achievable by uniform randomand symmetrically tiled net-
work con�gurations that satisfy the constraintof K -degree.
Thesewill serve as referencepoints to evaluate the perfor-
manceof our algorithm.

V. COVERAGE OF UNIFORM RANDOM NETWORKS

A uniform randomnetwork is one in which the nodesare
distributed randomly and with a uniform density. For such



networks, the probability of �nding i nodesin a speci�ed
domaindependsonly on the areaof the domainand not on
its shapeor location.Given any areaS, the probability that it
will containexactly i nodesis given by

P(i ) =
(�S ) i

i !
e−�S

where� is the densityof nodedeployment [12].
The probability that a randomly chosennode will have a

degree of at least K is the probability that there will be at
leastK nodesin the area� R2

c aroundit.

P(i � K ) = 1 �
i =(K −1)X

i =0

(�� R2
c ) i

i !
e−�� R 2

c

As thedensityof deploymentincreases,theprobability that
each node will have a degree of at least K , increasesbut
theper-nodecoverageof thenetwork decreases.Thereforethe
bestcoverageachievedby a randomnetwork that satis�es the
constraintof K -degreewith a high probability, say0.95,will
correspondto the smallestdensity for which P(i � K ) �
0.95.Let this densitybe � ′.

The coverageof a uniform randomnetwork is a function
of its density and Rs. For a network with density � ′ the
normalizedper nodecoverageis:

Coverage =
1 � e−� 0� R 2

s

� ′� R2
s

Note that this expressionis independentof the numberof
nodesin the network.

VI . COVERAGE OF SYMMETRICALLY TILED NETWORKS

We de�ne a SymmetricallyTiled Networkasone in which
• eachnodehasexactly K neighbors
• the distancebetweenany two neighboringnodesis ex-

actly Rc

• a node's neighborsareplacedsymmetricallyaroundit
Figure4 shows somenetwork con�gurationsthatsatisfythe

above properties.A striking featureof thesecon�gurationsis
that thelinesconnectingneighboringnodesform regularpoly-
gonsthattile theplane.For instance,in a network with K = 3
theanglebetweentwo neighborsof a nodeis 360�

K = 120◦ and
thereforecon�gurationrepresentsahexagonaltiling. However,
suchcon�gurationsareonly possiblefor K = 0; 1; 2; 3; 4 and
6. For instance,if K = 5, then to form a symmetricallytiled
con�guration, the correspondingregular polygonshouldhave
an interior angleof 360�

K = 72◦ which is not possible.
Given a symmetricallytiled con�guration, we cancompute

the per nodecoverageas a function of Rs and Rc. If Rc �
2Rs, Coverage = 1 becausetherewill beno overlapbetween
the nodes. For the case when Rc < 2Rs and K = 1,

Coverage =

�
� −� =2+sin(� =2)

�

� where � = cos−1( R r
2R s

). We
canderive similar expressionsfor the othervaluesof K .

It is our conjecturethatthecoverageof theseSymmetrically
Tiled networks is an upperboundon the coverageachievable
by networks given the constraintof K -degree.

VI I . EXPERIMENTS AND RESULTS

This sectionpresentsa setof experimentsdesignedto study
the performanceof the proposedsystemfor different values
of the input parameters.The simulations were conducted
usingthePlayer/Stage1 softwareplatformwhich simulatesthe
behavior of real sensorsand actuatorswith a high degreeof
�delity [13]. Eachof the nodesin our simulationsis capable
of omni-directionalmotion and sensing(using a laser range
�nder). Further, eachnodehasa retro-re�ectivebeaconsothat
it canbe distinguishedfrom the obstaclesin the environment.
In most of our simulations we used a 2-d obstacle-less
environment.

Figure 5 shows the initial and �nal network con�guration
for a typical deployment.Thecirclesin the�gure representthe
coverageareasof individual nodes.The nodesstart in a com-
pact grid like con�guration at the centerof the environment
andspreadout to cover a large portionof the environment.In
the particularinstanceshown, the sensingrangeof the nodes
is equalto their communicationrange.

Figure 6 shows the variation of the coverageand average
degree of the network with time for different valuesof K .
The coverage(averagedegree) increases(decreases)rapidly
in the �rst 1-2 minutesand then saturatesto a stablevalue
within 4-5minutes.This is because,initially all thenodeshave
morethanK neighborsandsothey spreadoutuninhibitedlyto
improve the coverageuntil the degreeconstraintsactivateand
restrict their motion. Further, since theseconstraintsactivate
at different stagesfor different values of K , the coverage
(averagedegree) graphsfor the different valuesof K , start
off identically but branchoff at different points and settleat
differentvaluesof �nal coverage(degree).

Figures7 and8 comparethe performanceof our algorithm
in terms of the coverageand averagenode degree with the
uniform randomand symmetricallytiled network con�gura-
tions for threedifferent regimes- Rc > 2Rs, Rc = 2Rs and
Rc < 2Rs. Clearly, the con�gurationswe obtain outperform
the randomnetwork. Note that while computingthe coverage
of the symmetricallytiled con�gurationswe assumethat the
sizeof thenetwork is in�nite. The valuesthusobtainedarein
reality an upperboundon the coveragethat can be achieved
with �nite networks becausein the latter case,we will have
to take into accountthe edgeeffects.

Our third performancemetric (as discussedin sectionIII)
is the percentageof the nodes in the network that have a
minimum degreeof K . This we found was at least 95% in
all the network con�gurationsresultingform our deployment
algorithm. This is also the casewith the randomnetworks.
Recall that while �nding the density of deployment for the
randomnetwork we explicitly imposedtheconstraintthateach
node should have at least K neighborswith a probability
of at least 0:95. In the symmetrically tiled con�gurations
however this probability is 1 sinceall the nodeshave exactly

1Player/Stagewas developedjointly at the USC RoboticsResearchLabs
andHRL Labsandis freely availableunderthe GNU GeneralPublicLicense
from http://playerstage.sourceforge.net



(a) K=0 (b) K=1 (c) K=2

(d) K=3 (e) K=4 (f) K=6

Fig. 4

THE SYMMETRICALLY TILED NETWORK CONFIGURATIONS FOR Rs < Rr < 2Rs

K neighbors.
An appealingand unexpected result is that there is no

signi�cant changein the per-node coverageobtainedwhen
the size of the network N was varied from 49 to 81 (Figure
9). One would expect that for smallervaluesof N the edge
effectswill be more signi�cant and thereforeas N increases
the per-nodecoveragewill increase.We speculatethat either
theedgeeffectsdo not varysigni�cantly with thenetwork size
or a 49 nodenetwork is large enoughto make edgeeffects
negligible. In future, work we plan to fully characterizethis
relationship.

VI I I . CONCLUSIONS AND FUTURE WORK

We have presenteda deployment algorithm for mobile
sensornetworks that is designedto maximize the collective
sensorcoveragewhile simultaneouslyconstrainingthe degree
of thenetwork nodes.Thepair-wiseinteractionbetweennodes
is governedby two kinds of virtual forces - one causesthe
nodesto repel eachother to improve their coverageand the
otheris anattractive force thatpreventsthenodesfrom losing
connectivity. By using a combinationof these two forces,
every nodetries to maximize its coveragewhile maintaining
the requirednumberof neighbors.

We have tested the algorithm extensively in simulation.
Startingwith con�gurationsin which eachnodehasa degree
greater than the required degree K , the algorithm results
in networks in which more than 95% of the nodes have
a degree of at least K . Our analysis of uniform random
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VARIATION OF COVERAGE WITH NETWORK SIZE (N) FOR Rs = 4 AND

Rc = 8 (AVERAGED OVER 10 TRIALS)

and symmetrically tiled networks proves that the algorithm
resultsin reasonablygoodcoverage.We areworking towards
validatingtheseresultsthroughexperimentson real robots.

Possiblecriticismsof the algorithmare the strongassump-
tions it makeson the capabilitiesof the nodes- in particular
theability of eachnodeto measuretheexactrangeandbearing



(a) Initial Con�guration (b) Final Con�guration

Fig. 5

TYPICAL NETWORK CONFIGURATIONS FOR A 64 NODE DEPLOYMENT WITH K=2
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THE TEMPORAL PERFORMANCE FOR N = 64, Rs = 4 AND Rc = 8 (AVERAGED OVER 10 TRIALS)

of the neighboringnodesandobstacles.In future, we plan to
extend the algorithm to work with approximateestimatesof
rangeandbearingreadings.

Theresultingnetwork will recon�gureonadditionof nodes.
We would like it to be able to recon�gure even when some
of the nodesceaseto function (e.g. due to energy depletion)
or areremoved (e.g.dueto maliciousintervention).A simple
solutioncouldbethatwhena nodehaslessthanK neighbors,
it moves towards its closestneighbor till it gets connected
to someof the neighbor's neighbors.This might result in it
having morethanK neighbors- at which point the repulsive
forceswill causethe nodesto spreadout again.We plan to
explore this approachfurther.
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