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Abstract

Wepresenta distributeddeploymentalgorithmfor a mo-
bile sensornetworkwhich is ableto deploysensornodesin
a distribution proportional to a scalar �eld. Thealgorithm
randomlypartitionsspaceinto suf�ciently smallneighbor-
hoodsat each iteration.Within each neighborhooda redis-
tribution processdirectedby a clusterheadis enacted.We
provethataftersuf�ciently manyiterations,thedistribution
of nodesapproachesthe desired pro�le in the overall re-
gion.Thealgorithmis scalableto large networksizes,and
is notrestrictedto planardomains.Weshowexperimentally
that thealgorithmis noisetolerant.

1. Intr oduction

Environmentalsampling[2, 17] is rapidly becominga
focusof attentionasaviableapplicationof sensornetworks.
In suchapplications,the distribution of sensornodeshas
considerableeffecton theutility of thesensornetwork. Re-
searchon sensordeploymenthasfocusedon target track-
ing [5, 22], constrainedcoverage[16, 13, 19], repairand
maintenance[1], and topology control for adaptive sam-
pling [2, 20], usuallywith energy constraintsin mind. We
addressherea variantof thetopologycontrolproblem,as-
sumingthatsensorsareautonomouslymobile.Speci�cally
we areinterestedin theproblemof deploying sensorssuch
that the resultantdeployedsensordensityfollows the spa-
tial variationof a scalar�eld in the environment.We are
motivatedby directapplicationsto environmentalmonitor-
ing, e.g.,the vertical temperaturepro�le in themarineen-
vironmentis thoughtto directly correlateto theabundance
of microorganisms.If a systemof sensorsis to bedeployed
to maximumeffect to measuremicroorganismabundance
it would be prudentto try to exploit this fact by measur-
ing temperatureanddeploying accordingly.

The Problem: In this paperwe addressthe following
question:How cananensembleof mobilesensornodesde-
ploy itself so that the deploymentdensity(i.e. nodesper
unit area in the 2D case)variesspatially in proportion to
a scalar �eld inducedby a physicalphenomenon? If f (x)
denotesa scalar�eld, how cansensornodesdeploy them-
selvesso that the densitydistribution of the nodesg(x) is
proportionalto f (x), i.e. g(x) = k � f (x) for somecon-
stantk. f (x) couldbeany scalar�eld thatcanbeestimated
from sensorreadings(e.g.,temperature).

Assumptions and Constraints: Our key assumptions
are a. the induced�eld is not known beforedeployment,
b. all nodesare localized in a commonglobal reference
frame,c. all nodescancommunicatewithin a shortrange,
d. eachnodecancomputethe densityof nodesin a small
neighborhood,ande.eachnodecanautonomouslynavigate
from its currentlocationto acommandedgoallocation.We
are interestedin large scaleapplications,wherehundreds
or thousandsof nodesareto bedeployed.This makescare-
ful surveyingandplacementdif�cult. With theseconstraints
andassumptionsin mind, we have developedanalgorithm
which achievesthe goal of deploying sensornodesin the
desiredmanner.

Approach and Contrib utions: Our approachrestson
thefollowing observation.Thedeploymentdistribution we
want to achieve is easily computablein the specialcase
wherethe areato be coveredis very small (i.e. linear di-
mensionson theorderof thecommunicationrangeof each
node)suchthat within it thereexists onenode(call it the
clusterhead)whichcancommunicatedirectlywith all other
nodesin thearea.In this case,eachnodewithin thecluster
couldmeasurethe �eld valueat its locationandcommuni-
cateit to theclusterhead.Usingstandardfunctionapprox-
imation techniques(e.g.,usingsampling[9, 14]), theclus-
ter headcould thencomputedesirednodelocationswithin
the neighborhoodand transmit theseto the nodes,which
would move accordinglytherebyachieving thedesiredde-
ploymentdensitypro�le. Ourstrategy is to randomlyparti-



tionspaceinto suf�ciently smallneighborhoodsateachiter-
ationof thealgorithm.Within eachneighborhoodtheredis-
tribution processasdescribedabove is enacted.We prove
that after suf�ciently many iterations,the distribution of
nodesapproachesthe desiredpro�le in the overall region.
We alsodemonstrateempirically that our strategy is noise
tolerant.We substantiateour resultsusingsimulations,and
performsomesimpleexperimentsin onedimensionusing
smallroboticnodescalledrobomotes.

2. RelatedWork

Coverageis animportantcriterionfor thequality of ser-
vice of a sensornetwork [15], and hasthus received sig-
ni�cant attention.Oneapproachis to deploy extra sensors
basedontheinformationcollectedby thedeployedsensors.
In [5], extrasensorsaredeployedrandomlyin theareato be
monitoredif deployedsensorscannot achieve therequired
coverage.The authorsshow that the cost of deployment
canbeminimizedwhile achieving desireddetectionperfor-
mance.In [1], a robot works in coordinationwith a sensor
network. Thesensornetwork assiststherobotin navigation
and the robot deploys additionalsensorsto maximizethe
sensorcoverageof the network. The approachintroduced
in [12] always placesnew nodeson the boundaryof the
areanotyetcoveredby thesensornetwork.Thisapproachis
ableto �nd a suboptimaldeploymentsolutionwhile ensur-
ing eachnoderetainsline-of-sightwith anothernode.An-
otherrelatedwork is adaptivebeaconplacement[4], which
deploys extra beaconsin a similar way. It assumesthat the
localizationerror at eachlocation hasbeenmeasuredbe-
forea new beaconis deployed.

Anotherapproachfrequentlyusedfor mobilesensornet-
work deploymentis the potential�eld technique[16, 13].
In [19], the authorintroducedan approachto detectcov-
erageholeswith a Voronoi diagram.The potential�eld is
one of the threealgorithmsproposedto repair the cover-
agehole.[22] appliedthepotential�eld techniquein acen-
tralizedway. Onepowerful leaderis usedto calculatethe
�eld andgeneratethe locationfor all othernodes.This al-
gorithm assumesthat the environmentis staticandknown
beforedeployment.A centralizedalgorithmwith thesame
assumptionsis presentedin [18]. Thisalgorithmis aheuris-
tic searchbasedon grid world, which is aimedat minimiz-
ing thenumberof sensorsdeployedwhilemaintaininggiven
performance.Thealgorithmpresentedin [21] alsoassumes
a powerful fusion station to assignthe numberof nodes
within eachcell of the sensing�eld in order to minimize
the estimationdistortion.A sensordeploymentstrategy to
maintainnetwork connectivity wasstudiedin [6]. A UAV
was usedfor deploying sensornodesand measuringnet-
work connectivity. If somedesiredconnectivity wasmiss-
ing, additionalnodesweredeployedby the UAV to repair

theconnection.
The algorithmin this paperis differentfrom above ap-

proachesin the following ways: First, we aim at deploy-
ing sensornodesaccordingto a pro�le that canbederived
from themeasurementof aenvironmentalquantity. Second,
our algorithmis distributedandit canbe appliedto a sys-
temconsistingof largenumberof nodes.

Perhapsthe most similar prior work is reportedin [3]
wherea family of distributed methodsfor mobile sensor
network deploymentareproposed.In [3] every nodedeter-
minesits �nal locationaccordingto its initial locationand
theeventdistribution;hencethemotionof eachnodecanbe
predictedby any othernode.However,theapproachesin [3]
assumethat the initial distribution is uniform anddepend
on every sensornodepredictingthemotionof othernodes,
which maybeexpensive.To predictthemotion,eachnode
also needsto know the initial location of all other nodes
andall nodesneedto know andagreeonthelocationsof all
events.Suchinformationmustbe�ooded acrossthewhole
network. Ourapproachmakesnoassumptionson theinitial
distribution of the sensornodesandno information�ood-
ing is needed.

3. DeploymentAlgorithm

In this section,we �rst presentanalgorithmfor deploy-
ing sensornodesin a small neighborhoodsuch that the
nodedensity is proportionalto a scalar�eld f (x). Next,
we describea distributedalgorithmfor sensordeployment,
whichrandomlydividestheplaneinto smallneighborhoods
ateachiteration.

3.1. DeploymentWithin a Small Neighborhood

This work is inspiredby theparticle�lter technique[9,
14], which has beenusedextensively for localization in
robotics[8]. Whenappliedto robotlocalization,thedensity
of samples/particlesis usedto representtheprobabilitydis-
tributionfunction(PDF)of robotlocation.In ouralgorithm,
eachsensornodecorrespondsto oneparticlein theparticle
�lter andthescalar�eld f (x) correspondsto theprobabil-
ity distribution function. By usingan algorithmsimilar to
there-samplingalgorithmusedin particle�lters, wegener-
atenew locationsfor thesensorsso that thedensitydistri-
butionof thenodesis g(x) = k � f (x).

Recallthatwe assumea systemwhereeachnodeis able
to moveandlocalizeitself. It is alsoassumedthateachnode
is ableto detectnodedensityin its vicinity (e.g.,by count-
ing themessagessentfrom its neighbors).

Within a small neighborhood,one node is selectedas
clusterheadsuchthat all othernodesareable to commu-
nicatewith theclusterheaddirectly. At thebeginningof the



algorithm,all nodessendtheir locations,local nodeden-
sitiesandsensorreadingsto the clusterhead.The cluster
head�rst computethe estimationof the scalar�eld from
thereadingsandlocationsof all nodes.Thenit putsall the
locations,including its own, into a setP. Eachlocationx
in P is weightedw(x) = f 0(x )

d(x ) , wheref 0(x) is the esti-
mation of the �eld at location x and the local nodeden-
sity aroundx is d(x). Next, the clusterheadgeneratesa
setof new locationsby re-samplingfrom this weightedset
P. The re-samplingselectswith high probability locations
x that have a high weight associatedwith them.By doing
so,thedensityof new locationsapproximatestheestimated
scalar�eld. It is obvious that somelocationswould be se-
lectedmultiple times.This problemis solved by applying
Gaussiannoiseto the selectedlocations.The clusterhead
assignseachnodein the clusterto a new location.There
aretwo optionsto assignlocations.Oneis to minimizethe
energy consumedby thewholecluster. In this case,theas-
signmentalgorithmshould�nd thesolutionssothatthesum
of thedistancesthenodesneedto move is minimized.The
otheroption is to balancethe energy consumptionamong
differentnodes.In this case,eachnodeis assigneda prior-
ity to chooseits next location.Thelesstheenergy left in the
battery, thehigherpriority thenodegets.Everynodeselects
thelocationclosestto its currentlocationfrom theavailable
locations.Finally, all nodesmoveto theassignedlocations.

The detailsof the algorithmareshown in Algorithm 1.
The inputsN, P, R andD aresentto theclusterheadfrom
all nodesin thecluster. N is thetotalnumberof nodesin the
cluster;P is thesetof currentnodelocationsx; R is theset
of sensorreadings;D is thesetof estimatedlocalnodeden-
sities.In this algorithm,subroutineEstimate() is used
to estimatethe scalar�eld from the sensorreadingsandit
canbeuserde�ned.Thisis to accommodatecaseswherethe
sensorsdonotdirectlymeasurethe�eld of interestandtheir
measurementsneedto be processedbefore the �eld can
beestimated.AnothersubroutineAssignLocations()
takesthenew locationsandassignsthemto all nodesin the
cluster.

3.2. Distributed Algorithm

On the basisof the centralizedalgorithmthat operates
within a cluster, we designeda distributed algorithm for
sensordeployment.For the distributed algorithm, we as-
sumethat:

1. Thecentralizedalgorithmis ableto deploy thesensor
nodes(within a cluster)in thedistribution of k � f (x),
wheref (x) is theinduced�eld;

2. f (x) � 0 for any x 2 S and
R

S f (x)dx 6= 0, whereS
is thesensing�eld;

3. Thetotal numberof nodesN is very large.

Algorithm 1: Locationreassignmentwithin a cluster
input : N, P, R, D
output: None
// Estimatethescalar�eld F
F = Estimate(R);
for k = 1 to N do

Q[k] =
P k

i =1
F [i ]
D [i ] ;

T[k] = Rand();
end
T =Sort(T);
i = 1;
j = 1;
while i � N do

if T [i ] < Q[j ] then
Index[i] = j;
i = i + 1;

else
j = j+1;

end
end
AssignLocations(Index);

The distributed algorithm �rst randomlypartitions the
sensing�eld into subareas(small neighborhoods).The
nodeswithin subareaSj form a clusterCj andone node
is selectedas the headwithin eachclusterCj . The clus-
ter headexecutesAlgorithm 1 which redeploys the sen-
sor nodes so that the density distribution is kj � f (x)
within eachcluster. A new randompartition is now cho-
senandtheprocessis repeateduntil terminationconditions
aresatis�ed.Thedetailsof thealgorithmareshown in Al-
gorithm2, whereP, R andD have thesamemeaningasin
section3.1.

Algorithm 2: Deploymentalgorithm
i = 0;
while terminationconditionsare notsatis�ed do

Randomlypartitionthesensing�eld into small
subareasSi

j ;
Selectoneclusterheadfrom nodeswithin each
subarea;
Eachnoden within onesubareasendsR[n], P[n]
andD[n] to clusterhead;
Clusterheadsgeneratenew locationswith the
distributiongi

j (x) = k i
j f (x) , wherek i

j is a
constantfor any x 2 Si

j . ;
Assigneachnodea new position;
all nodesmoveto new locations;
i = i + 1;

end

Whenimplementingthealgorithm,we usetheLEACH
protocol [10] to randomlypartition the sensing�eld into



subareasandthesysteminto clusters.In thisapproach,each
node�rst electsitself asa clusterheadwith a pre-de�ned
probability. If one nodeelectsitself as a clusterhead,it
broadcastsits locationto its neighbors.Otherwise,thenode
listensto the messagesfrom clusterheads,andselectsthe
oneclosestto it asits clusterhead.Thenodejoins thecor-
respondingclusterby sendinga registrationmessageto the
clusterhead.Theregioncoveredby eachclusteris onesub-
area.

4. Analysis

It canbeprovedthatthealgorithmsof theprevioussec-
tion result in a distribution of thenodeswhich approaches
therequireddistributionk0 �f (x) asthenumberof timesteps
increases.Formally, wehaveTheorem4.1.

Theorem4.1 If S is the area of operation, f (x) is the in-
duced�eld andg(x) is theactualnodedensitydistribution,
asi ! 1 , k i

j ! k0 for all j , where

k0 =

R
S g(x)dx

R
S f (x)dx

:

To provethis theorem,we needthefollowing lemmas.

Lemma 4.2 If ki = kj for any i and j , thenfor any sub-
area,ki = k0.

Proof Supposeki = k for any i , wherek is aconstant.That
is, g(x) = k � f (x) for x 2 S. So,wehave

Z

S
g(x)dx =

Z

S
k � f (x)dx = k �

Z

S
f (x)dx:

Therefore

k =

R
S g(x)dx

R
S f (x)dx

= k0:

Lemma 4.3 Let Si
l be a subarea at timestepi , Si +1

j be
a subarea at timestepi + 1, and � Si +1

j;l = Si +1
j \ Si

l
as shownin Fig 1, where j 2 f 1; 2; : : : ; M i +1 g and l 2
f 1; 2; : : : ; M i g, wehave

k i +1
j =

M iX

l =1

k i
j �

� F i +1
j;l

F i +1
j

;

where F i +1
j =

R
S i +1

j
f (x)dx and � F i +1

j;l =
R

� S i +1
j;l

f (x)dx.

Proof According to Algorithm 2, after all nodeswithin
Si +1

j areredeployed,

gi +1
j (x) = k i +1

j � f (x); x 2 Si +1
j :

Figure 1. The dashed lines are the bound-
aries of the par titions at step i, and the solid
lines are the boundaries at step i+1. The pol y-
gon with bold solid edges is subarea Si +1

j . It

is obvious that Si +1
j =

P M i
l =1 � Si +1

j;l . Note that
� Si +1

j;l may be null for cer tain j or l .

SinceSi +1
j =

P M i
l =1 � Si +1

j;l , and the numberof nodesin
subareaSi +1

j doesnot changeaftertheredeployment,then

Z

S i +1
j

gi +1
j (x)dx = N i +1

j =
M iX

l =1

Z

� S i +1
j;l

gi
l (x)dx:

So,wehave

k i +1
j =

R
S i +1

j
gi +1

j (x)dx
R

S i +1
j

f (x)dx

=

P M i
l =1

R
� S i +1

j
gi

l (x)dx
R

S i +1
j

f (x)dx

=

P M i
l =1 k i

l �
R

� S i +1
j;l

f (x)dx
R

S i +1
j

f (x)dx

=

P M i
l =1 k i

j � � F i +1
j;l

F i +1
j

:

Lemma4.3saysthat theproportionalityconstantsasso-
ciatedwith thedistributionsin subareasat thecurrentstep
is the weightedaverageof the constantsin previous step.
Next, we prove that thedifferencebetweenany two subar-
easwill diminishaftersuf�ciently many timesteps.



Figure 2. The dashed lines are the bound-
aries of subareas at step i , and solid lines are
the boundaries of subareas at step i + 1. The
pol ygon with bold dashed edges is the sub-
space Si

l . It is obvious that Si
l =

P M i +1
j =1 � Si +1

j;l .

Lemma 4.4 Let � i =
P M i

l =1
F i

l
F � (k i

l � k0)2, where F =R
S f (x)dx and F i

l =
R

S i
l

f (x)dx, then Whenstep i ap-

proachesin�nite , � i approaches0.

Proof SinceSi
l =

P M i +1
j =1 � Si +1

j;l , asshown in Fig 2,

F i
l =

Z

S i
l

f (x)dx =
M i +1X

j =1

Z

� S i +1
j;l

f (x)dx =
M i +1X

j =1

� F i +1
j;l :

For similar reason,

F i +1
j =

M iX

l =1

� F i +1
j;l :

Fromthede�nition of � i , wehave

� i =
M iX

l =1

F i
l

F
(k i

l � k0)2

=
M iX

l =1

P M i +1
j =1 � F i +1

j;l

F
(k i

l � k0)2

=
1
F

M iX

l =1

M i +1X

j =1

[� F i +1
j;l (k i

l � k0)2];

� i +1 =
M i +1X

j =1

F i +1
j

F
(k i +1

j � k0)2:

So,if we de�ne � � i = � i � � i +1 ;

� � i =

1
F

M i +1X

j =1

[
M iX

l =1

(k i
l � k0)2� F i +1

j;l � (k i +1
j � k0)2F i +1

j ]:

Let

� j =
M iX

l =1

(k i
l � k0)2 � � F i +1

j;l ;

� j = (k i +1
j � k0)2 � F i +1

j

wehave

� � i =
1
F

M i +1X

j =1

(� j � � j ):

On theotherhand,replacel with l1,

� j F i +1
j =

M iX

l 1 =1

(k i
l 1

� k0)2� F i +1
j;l 1

F i +1
j

=
M iX

l 1 =1

[(k i
l 1

� k0)2� F i +1
j;l 1

(
M iX

l 2 =1

� F i +1
j;l 2

)]

=
M iX

l 1 =1

M iX

l 2 =1

[(k i
l 1

� k0)2� F i +1
j;l 1

� F i +1
j;l 2

];

Fromlemma4.3
� j F i +1

j = (k i +1
j � k0)2(F i +1

j )2

= [(k i +1
j � k0) � F i +1

j ]2

= [
M iX

l 0=1

� F i +1
j;l 0 (k i

l 0 � k0)]2:

Then,

(� j � � j ) � F i +1
j

=
M iX

l 1 =1

M iX

l 2 =1

� F i +1
i;l 1

� F i +1
i;l 2

[(k i
l 1

� k0) � (k i
l 2

� k0)]2

=
M iX

l 1 =1

M iX

l 2 =1

� F i +1
i;l 1

� F i +1
i;l 2

(k i
l 1

� k i
l 2

)2:

Therefore

� � i =
1
F

M i +1X

j =1

(� j � � j )

=
1
F

M i +1X

j =1

[
1

F i +1
j

M iX

l 1 =1

M iX

l 2 =1

� F i +1
j;l 1

� F i +1
i;l 2

(k i
l 1

� k i
l 2

)2]

=
1
F

M iX

l 1 =1

M iX

l 2 =1

� i +1
l 1 ;l 2

(k i
l 1

� k i
l 2

)2;



where� i +1
l 1 ;l 2

=
P M i +1

j =1
� F i +1

j;l 1
� � F i +1

j;l 2

F i +1
j

. Becausef (x) � 0,

we have F i +1
j � 0 and � F i +1

j;l � 0. Additionally, be-
cause� F i +1

j;l are independentwith stepi, the probability
that � F i +1

j;l = 0 for all j is very small, especiallywhen
therearelargenumberof nodesin thesystem.So,we have
� � i � 0.

Now, we prove that � i approaches0 asi approachesin-
�nity . Suppose� i 6= 0 for any i . Since� i � 0, theremust
exist � > 0 so that for any i , � i � � . Supposeat step
i , (k i

m � k0)2 is the maximumamong(k i
l � k0)2 for all

l 2 f 1; 2; :::; M i g, we have

� i =
M iX

l =1

F i
l

F
(k i

l � k0)2

�
F i

m

F
(k i

m � k0)2

� � :

Ontheotherhand,theremustexistsl 0sothat(k i
m � k i

l 0)2 �
(k i

m � k0)2. Then,

� � i �
1
F

M iX

l 2 =1

� i +1
m;l 2

(k i
m � k i

l 2
)2

�
1
F

� i +1
m;l 0(k i

m � k i
l 0)2

�
1
F

� i +1
m;l 0(k i

m � k0)2

�
1
F

� i +1
m;l 0

F
F i

m
�

�
� i +1

m;l 0(k i
m � k0)2

F i
m

�

� � 0� ;

where� 0 = min i
� i +1

m;l 0(k i
m � k0 )2

F i
m

and � 0 > 0. So, if i >
� 0 � �
� 0 � � , � i < � , which is a contradictionwith the assump-

tion that � i is alwaysgreaterthanor equalto � hencethe
assumptionis not true.Therefore,wheni approachesin�n-
ity, � i approaches0.

FromLemma4.4,wecanconcludethataftersuf�ciently
many steps,thek i

j in all subareasarethesame,andhence
the densitydistribution of the nodesin the whole sensing
�eld g(x) = k0 � f (x) for all x 2 S.

5. Simulation Results

We carriedout several simulationsto verify the valid-
ity of our algorithm.In thesimulations,we assumethatthe
scalar�eld is directly givenby thereadingsr (x; y) of sen-
sorsplacedat locations(x; y). We assumeda �eld which
behavesas

r (x; y) = r0(x; y) + � = 0:1 + e� ( x � 4) 2 +( y � 6) 2

2 + �;

where� is a zero-meanrandomvariablewith Gaussiandis-
tributionN (0; � ).

Thesimulationswereperformedin a2D environmentof
size10x10.At the beginning of the simulations,all nodes
arewithin a startareawherex 2 [0; 1] andy 2 [0; 10]. 500
nodesaredeployed.Thecommunicationrangeof eachnode
is 3 units.Theprobabilitythata nodeelectsitself asa clus-
terheadis chosento be0.05.Henceapproximately25clus-
tersareformedat eachstep.

Fig 3 showsthenodedensitiesafter120stepsin onesim-
ulationtrial. Onestepheremeansoneiterationof theredis-
tribution process.Fig 3(a) is the scalar�eld andFig 3(b)
showsthenodedensitydistribution.In this trial, thecovari-
anceof the noiseis 0.1, approximately10% of the maxi-
mumreading.
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Figure 3. (a) the scalar �eld f (x); (b)The node
densities after 120 steps.

To illustrate the insensitivity of the algorithm to
noise, we de�ne desirednode density, actual node den-
sity anddensityerror as follows. Desirednodedensityat
location(x0; y0) is de�ned as

d0(x0; y0) =

R
(x;y )2 s f (x; y)dxdy

A
;
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Figure 4. The node deplo yment density better
appr oximates the desired pro�le over time .
Shown here is the diminishing diff erence be-
tween the actual density and the desired den-
sity for diff erent values of noise . The process
is noise tolerant since there is little measur -
able diff erence between the stead y-state den-
sity errors in four cur ves.

wheres is a � � � squarecenteredat (x0; y0) andA = � 2 is
theareaof s. In simulations,� = 2:0. Actual nodedensity
at location(x0; y0) is de�ned as

d(x0; y0) =
ns

A
;

wheresandA havethesamemeaningasaboveandn is the
numberof nodeswithin the squares. The densityerror is
de�ned as

err =
X

x 2f 0:5;1:5;:::; 9:5g

X

y2f 0:5;1:5;:::; 9:5g

jd(x; y) � d0(x; y)j:

Fig 4 shows the densityerrorsasa function of time. The
simulationsaredonein 4 groupsandeachgroupconsists
of 10 trials. The trails in one groupsharethe samenoise
covariance(� ), andeachcurve representstheavarageden-
sity errorsover the trials within onegroup.FromFig 4 we
canseethat the error convergesafter about60 steps.Note
thatin thesimulationsall nodesstartfrom a smallareaand
theconvergencetime includesthetime for thenodesto ex-
pandto thewholesensing�eld. Theconvergencetime and
�nal steady-stateerroris largely insensitive to noise.

Fig 5 summarizesthe steady-statedensityerrorswhen
thenoisecovarianceincreasesfrom 0to 0.4.Steady-stateer-
rorsarecomputedby averagingthedensityerrorsafter the
60th timestep.The basicobservation is that our algorithm
producessteady-stateerrorsthat increasesslowly with the
increaseof thenoise.
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Figure 5. Steady-state density error increases
slo wly with increased sensor noise .

6. PhysicalExperiments

Thesensordeploymentalgorithmhasbeentestedon the
Robomoterobot testbed[7] (shown in Fig 6). The experi-
mentsarecarriedoutona 200cm � 100cm tableandMez-
zanine[11] is usedfor nodelocalization.

Figure 6. Robomote testbed

There are two implementationissueswith the experi-
mentson therobomotetestbed.Giventhesmallnumber(6)
of robomotesavailablefor experiments,thecentralizedal-
gorithmmaynot deploy thenodesin thegivendistribution
within eachsmallneighborhood.Thatis, thedensitydistri-
bution of onetime deploymentmayvarysigni�cantly from
the desiredpro�le. However, the averagedensitydistribu-



tion over severalstepswould approximatethedesiredone.
Accordingly the averagedensitydistribution over the last
20 stepsareusedto display the experimentalresults.An-
otherproblemwith asmallnumberof nodesis anincreased
probabilitythatnoclusteris formed.For instance,in theex-
periments,theprobabilitythatonenodeelectsitself asclus-
ter headis setto be0.25,so theprobability thatno cluster
headelectedis (1 � 0:25)6 = 0:1780. Sincein theexperi-
mentsthecommunicationrangeis setto be40cm,theprob-
ability thatonenodedoesnotjoin any clusteris evenhigher.
Thus,somenodesmightsit atonelocationfor severalsteps.
Becausetheoverall nodedensityis low (lessthan1 per10
cm), sitting at one location for even onestephasconsid-
erableeffecton theaveragedensitydistribution.Therefore,
eachnodeis programedto randomlymove one stepif it
doesnot join any cluster. The other issueis that the size
of a robomoteis 7cm � 4:5cm andhencethedistancebe-
tweentwo robomotescannot be very small.However, the
new locationsgeneratedby the clusterheadmay be very
closeto eachother. As a result,beforeassigninglocations,
theclusterheadscheckto make surethat the locationsare
suchthat thedistancebetweenany two locationsis greater
thana threshold.

Experimentswith the robomoteswere performed in
one dimension.Robots were required to deploy them-
selvesalongthex-axis,basedon measurementsto a given
pro�le

r (x) = e� ( x � 100) 2

2 � 30 2 ;

andherewealsoassumethatscalar�eld f (x) = r (x). Sev-
eralexperimentswereconducted,andthefollowing aretwo
selectedexamples.At thebeginningof theexperiments,all
nodesstart from the right boundaryof the sensing�eld.
Then,mostnodesmove away from their startlocationsto-
wardsthe centerof the sensing�eld and �nally accumu-
latearoundthelocationx = 100cm.Fig 7 comparesthe�-
nal densitydistributions(bars)andthedesireddistribution
(solid line, obtainedby normalizingf (x)). The two distri-
butionsarein reasonableagreement.

7. Conclusion

In this paper, we presenteda distributeddeploymental-
gorithmfor amobilesensornetworkwhichis ableto deploy
sensornodesin a distribution proportionalto a scalar�eld
(inducedby someenvironmentalphenomenon).Our strat-
egy is to randomlypartition spaceinto suf�ciently small
neighborhoodsat eachiteration of the algorithm. Within
eachneighborhoodtheredistribution processdirectedby a
clusterheador leadernodeis enacted.We prove that af-
tersuf�ciently many iterations,thedistributionof nodesap-
proachesthedesiredpro�le in theoverall region.
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Figure 7. Data from two trials with the robo-
motes. The bars sho w the average sensor
density distrib ution in the stead y state , the
cur ve sho ws the desired pro�le .

Thoughthealgorithmpartitionsthesysteminto clusters
andeachclusterneedsonehead,the clusterheadsarese-
lectedrandomly. Sothealgorithmdoesnot suffer from sin-
glepoint failure.Anotheradvantageof thisalgorithmis that
sophisticateddatafusion canbe doneby the clusterhead
sinceit hasthesensingdatafrom all its neighbors.For ex-
ample,a clusterheadmay exploit linear regressionto �l-
ter noiseor identify failednodes.We show experimentally
that the algorithm is noisetolerant.Finally, the algorithm
canbeeasilyextendedto 3D deploymentaslongasenough
nodesareavailable.Theexperimentsreportedherearecon-
ductedin 1D andthesimulationsin 2D, but the algorithm
doesnot make any assumptionaboutthedimensionof the
problem.

The computationalcomplexity dependson the number
of nodeswithin eachcluster. Given the size of the sens-
ing �eld, the biggerthe sizeof clusters,the fasterthe dis-
tributed algorithm converges while more computationis
neededat eachclusterhead.Theconvergencespeedof the
distributedalgorithmalsodependson how the clustersare
formed.More stepsareneededif thesystemgeneratessim-
ilar clustersat consecutive timesteps.Therefore,the algo-
rithm couldbe improvedby usinga betterclustergenerat-
ing algorithm.
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