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Abstract

We presenta distributeddeploymenalgorithmfor a mo-
bile sensometworkwhich is ableto deploysensomodesn
a distribution proportionalto a scalar eld. Thealgorithm
randomlypartitions spaceinto sufciently smallneighbor
hoodsat ead iteration. Within eac neighborhooda redis-
tribution procesdirectedby a clusterheadis enacted We
provethatafter sufciently manyiterations,thedistribution
of nodesapproachesthe desiied pro le in the overall re-
gion. Thealgorithmis scalableto large networksizes,and
is notrestrictecto planar domains\We showexperimentally
thatthealgorithmis noisetolerant.

1. Intr oduction

Environmentalsampling[2, 17] is rapidly becominga
focusof attentionasaviableapplicationof sensonetworks.
In suchapplications the distribution of sensornodeshas
considerableffectontheutility of thesensomnetwork. Re-
searchon sensordeploymenthasfocusedon target track-
ing [5, 22, constrainectoverage[16, 13, 19, repairand
maintenancdl], and topology control for adaptve sam-
pling [2, 20], usuallywith enegy constraintsn mind. We
addressherea variantof the topologycontrol problem,as-
sumingthatsensorsare autonomouslynobile. Speci cally
we areinterestedn the problemof deploying sensorsuch
that the resultantdeployed sensordensityfollows the spa-
tial variationof a scalar eld in the ernvironment.We are
motivatedby directapplicationgo ernvironmentalmonitor
ing, e.g.,the verticaltemperaturgoro le in the marineen-
vironmentis thoughtto directly correlateto the abundance
of microomganismslf a systemof sensorss to bedeployed
to maximumeffect to measuremicroorganismabundance
it would be prudentto try to exploit this fact by measur
ing temperatur@anddeploying accordingly

The Problem: In this paperwe addresghe following
guestionHow canan ensembl@f mobilesensomodesde-
ploy itself so that the deploymentdensity(i.e. nodesper
unit areain the 2D case)variesspatially in proportionto
a scalar eld inducedby a physicalphenomenor? If f (x)
denotesa scalar eld, how cansensomodesdeploy them-
selesso thatthe densitydistribution of the nodesg(x) is
proportionalto f (x), i.e. g(x) = k f(x) for somecon-
stantk. f (x) couldbeary scalareld thatcanbeestimated
from sensoreadingqe.g.,temperature).

Assumptions and Constraints: Our key assumptions
are a. theinduced eld is not known before deployment,
b. all nodesare localizedin a commonglobal reference
frame, c. all nodescancommunicatewithin a shortrange,
d. eachnodecancomputethe densityof nodesin a small
neighborhoodande. eachnodecanautonomousiyavigate
fromits currentlocationto acommandedjoallocation.We
are interestedn large scaleapplications wherehundreds
or thousandsf nodesareto bedeployed. This makescare-
ful surweying andplacementlif cult. With theseconstraints
andassumptiongn mind, we have developedan algorithm
which achievesthe goal of deploying sensomodesin the
desiredmanner

Approach and Contrib utions: Our approachrestson
thefollowing obsenation. The deploymentdistribution we
want to achieve is easily computablein the specialcase
wherethe areato be coveredis very small (i.e. linear di-
mensionon the orderof the communicatiorrangeof each
node)suchthat within it thereexists one node(call it the
clusterheadwhich cancommunicatelirectly with all other
nodesin thearea.In this case gachnodewithin the cluster
couldmeasurehe eld valueat its locationandcommuni-
cateit to the clusterhead.Using standardunction approx-
imationtechniquege.g.,usingsampling[9, 14]), the clus-
ter headcould thencomputedesirednodelocationswithin
the neighborhoodand transmittheseto the nodes,which
would move accordinglytherebyachieving the desiredde-
ploymentdensitypro le. Our strateyy is to randomlyparti-



tion spacento sufciently smallneighborhoodateachiter-
ationof thealgorithm.Within eachneighborhoodheredis-
tribution processasdescribedabove is enactedWe prove
that after sufciently mary iterations,the distribution of
nodesapproacheshe desiredpro le in the overall region.
We alsodemonstratempirically that our strateyy is noise
tolerant.We substantiat®ur resultsusingsimulations,and
perform somesimple experimentsin one dimensionusing
smallroboticnodescalledrobomotes.

2. RelatedWork

Coverageis animportantcriterionfor the quality of ser
vice of a sensometwork [15], and hasthus receved sig-
ni cant attention.Oneapproachs to deploy extra sensors
basedntheinformationcollectedby thedeployedsensors.
In [5], extrasensoraredeployedrandomlyin theareato be
monitoredif deployedsensorgannotachieve therequired
coverage.The authorsshowv that the cost of deployment
canbeminimizedwhile achieving desireddetectiorperfor
mance.n [1], arobotworksin coordinationwith a sensor
network. Thesensometwork assistgherobotin navigation
andthe robot deploys additional sensorgo maximizethe
sensorcoverageof the network. The approachintroduced
in [12] always placesnen nodeson the boundaryof the
areanotyetcoveredby thesensonetwork. Thisapproachs
ableto nd asuboptimaldeploymentsolutionwhile ensur
ing eachnoderetainsline-of-sightwith anothemode.An-
otherrelatedwork is adaptve beacorplacemeni{4], which
deploys extra beaconsn a similar way. It assumeshatthe
localizationerror at eachlocation hasbheenmeasurede-
fore anew beacoris deployed.

AnotherapproacHrequentlyusedfor mobilesensomnet-
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] appliedthe potential eld techniquen acen-
tralizedway. One powerful leaderis usedto calculatethe
eld andgeneratehe locationfor all othernodes.This al-
gorithm assumeshat the ervironmentis staticandknown
beforedeployment.A centralizedalgorithmwith the same
assumptionsgs presenteéh [18]. Thisalgorithmis aheuris-
tic searchbasedon grid world, which is aimedat minimiz-
ing thenumberof sensorsleployedwhile maintaininggiven
performanceThealgorithmpresentedn [21] alsoassumes
a powerful fusion stationto assignthe numberof nodes
within eachcell of the sensingeld in orderto minimize
the estimationdistortion. A sensordeploymentstratgy to
maintainnetwork connectvity wasstudiedin [6]. A UAV
was usedfor deploying sensormodesand measuringnet-
work connectvity. If somedesiredconnectvity wasmiss-
ing, additionalnodeswere deployed by the UAV to repair

the connection.

The algorithmin this paperis differentfrom above ap-
proachesn the following ways: First, we aim at deploy-
ing sensomodesaccordingto a pro le thatcanbederived
fromthemeasuremerdf aernvironmentalquantity Second,
our algorithmis distributedandit canbe appliedto a sys-
temconsistingof large numberof nodes.

Perhapsthe most similar prior work is reportedin [3]
wherea family of distributed methodsfor mobile sensor
network deploymentareproposedin [3] every nodedeter
minesits nal locationaccordingto its initial locationand
theeventdistribution; hencethemotionof eachnodecanbe
predictedby any othernode.However,theapproachem [3]
assumehat the initial distribution is uniform and depend
on every sensomodepredictingthe motion of othernodes,
which maybe expensie. To predictthe motion, eachnode
also needsto know the initial location of all other nodes
andall nodesneedto know andagreeonthelocationsof all
events.Suchinformationmustbe ooded acrosshewhole
network. Ourapproachmakesno assumptionsntheinitial
distribution of the sensomodesand no information ood-
ing is needed.

3. DeploymentAlgorithm

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

3.1. DeploymentWithin a Small Neighborhood

This work is inspiredby the particle Iter techniqu€9,
14], which hasbeenusedextensiely for localizationin
robotics[8]. Whenappliedto robotlocalization the density
of samples/particleis usedto representhe probability dis-
tributionfunction(PDF)of robotlocation.In ouralgorithm,
eachsensomnodecorresponds$o oneparticlein the particle

lter andthescalareld f (x) correspondso the probabil-
ity distribution function. By usingan algorithmsimilar to
there-samplingalgorithmusedin particle Iters, we gener
atenew locationsfor the sensorsso thatthe densitydistri-
bution of thenodess g(x) = k f (x).

Recallthatwe assume systemwhereeachnodeis able
to move andlocalizeitself. It is alsoassumedhateachnode
is ableto detectnodedensityin its vicinity (e.g.,by count-
ing themessagesentfrom its neighbors).

Within a small neighborhoodpne nodeis selectedas
clusterheadsuchthat all othernodesare ableto commu-
nicatewith theclusterheaddirectly. At thebeginningof the



algorithm, all nodessendtheir locations,local node den-
sitiesand sensomreadingsto 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) = fd[z(;)), wheref 9x) is the esti-
mation of the eld at locationx andthe local nodeden-
sity aroundx is d(x). Next, the clusterheadgeneratesa
setof new locationsby re-samplingrom this weightedset
P. There-samplingselectswith high probability locations
x thathave a high weight associateavith them.By doing
so,thedensityof new locationsapproximateshe estimated
scalar eld. It is obviousthat somelocationswould be se-
lectedmultiple times. This problemis solved by applying
Gaussiamoiseto the selectedocations.The clusterhead
assignseachnodein the clusterto a new location. There
aretwo optionsto assignlocations.Oneis to minimize the
enegy consumedy the whole cluster In this case the as-
signmentlgorithmshould nd thesolutionssothatthesum
of the distanceghe nodesneedto move is minimized.The
otheroption is to balancethe enegy consumptionamong
differentnodes.n this casegachnodeis assigned prior-
ity to choosdts next location.Thelesstheenegy left in the
battery thehigherpriority thenodegets.Everynodeselects
thelocationclosesto its currentlocationfrom theavailable
locations Finally, all nodesmove to theassignedocations.

The detailsof the algorithmare shavn in Algorithm 1.
TheinputsN, P, R andD aresentto the clusterheadfrom
all nodedn thecluster N is thetotal numberof nodesn the
cluster;P is the setof currentnodelocationsx; R is the set
of sensoreadingsp is the setof estimatedocal nodeden-
sities. In this algorithm, subroutineEstimate() is used
to estimatethe scalar eld from the sensorreadingsandit
canbeuserde ned. Thisisto accommodateasesvherethe
sensorslonotdirectlymeasureghe eld of interestandtheir
measurementaeedto be processedeforethe eld can
be estimatedAnothersubroutineAssignLocations()
takesthe new locationsandassignghemto all nodesn the
cluster

3.2. Distrib uted Algorithm

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

1. Thecentralizedalgorithmis ableto deploy the sensor
nodeg(within acluster)in thedistributionof k f (x),
wheref (x) is theinducedeld;

2.f(x) Oforaryx 2 Sand f (x)dx 6 O, whereS
is thesensingeld;

3. Thetotal numberof nodesN is verylarge.

Algorithm 1: Locationreassignmenwithin a cluster
input :N,PRR,D
output: None
/I Estimatethescalareld F
F = Estimate(R);
fork=1 tog! do
K

QKl=" I i
T[K] = Rand();
end
T =Sort(T);
i=1;
=1
whilei N do
if T[i]< Q[j]then
Index[i] =j;
i=i+1;
else
j =i+
end
end

AssignLocations(Inde);

The distributed algorithm rst randomly partitionsthe
sensing eld into subareas(small neighborhoods).The
nodeswithin subare&S; form a clusterC; andone node
is selectedas the headwithin eachclusterC;. The clus-
ter head executesAlgorithm 1 which redeplys the sen-
sor nodes so that the density distribution is k;  f (x)
within eachcluster A new randompartition is now cho-
senandthe processs repeatedintil terminationconditions
aresatis ed. The detailsof the algorithmareshavn in Al-
gorithm?2, whereP, R andD have the samemeaningasin
section3.1.

Algorithm 2: Deploymentalgorithm

i =0;

while terminationconditionsare notsatis ed do
Randomlypartitionthesensingeld into small
subarea$;
Selectoneclusterheadfrom nodeswithin each
subarea;
Eachnoden within onesubareasendR[n], P[n]
andD [n] to clusterhead;
Clusterheadgyeneratanew locationswith the
distributiong! (x) = k]-i_f (x) , wherek! isa
constanforaryx 2 §/. ;
Assigneachnodea new position;
all nodesmoveto new locations;
i=i+1;

end

Whenimplementingthe algorithm,we usethe LEACH
protocol [10] to randomly partition the sensing eld into



subareaandthesysteminto clustersin thisapproacheach
node rst electsitself asa clusterheadwith a pre-de ned
probability. If one nodeelectsitself as a cluster head, it

broadcasts locationto its neighborsOtherwisethenode
listensto the messagefrom clusterheadsand selectsthe
oneclosestto it asits clusterhead.The nodejoins the cor-

respondinglusterby sendinga registrationmessagéo the
clusterhead.Theregion coveredby eachclusteris onesub-
area.

4. Analysis

It canbe provedthatthe algorithmsof the previous sec-
tion resultin a distribution of the nodeswhich approaches
therequireddistributionkg f (x) asthenumberof timesteps
increasesk-ormally, we have Theoremd. 1.

Theorem4.1 If Sis the areaof opemation, f (x) is thein-
ducedeld andg(x) is theactualnodedensitydistribution,
asi! 1 ,kj' I ko forall j, whee

R
= g(x)dx :
s F (x)dx

To provethistheoremwe needthefollowing lemmas.

Lemma4.2 If ki = k; for anyi andj, thenfor any sub-
area,k; = ko.

Proof Supposé; = k forary i, wherek is aconstantThat
is,g(x) = k f(x)forx 2 S. So,wehave
z z z
g(x)dx = k f(x)dx = k f (x)dx:
S S S

Therefore R
_ g(x)dx = ke:
s f(x)dx

Lemma4.3 Let S| be a subaea at timestepi, Sji+1 be
a subaea at timestepi + 1, and S = §* \ §
asshownin Fig 1, wheej 2 f1;2;:::;Mjs;gandl 2
f1,2;:::;M;g, wehave

i i+1
g =y
I=1 j
whee F/*t = RSJ;+1f(X)dx and Ft =
Sji;|+1 f(X)dX

Proof According to Algorithm 2, after all nodeswithin
S/™ areredeplyed,

gt ()= K™ f(x);x28":

Figure 1. The dashed lines are the bound-
aries of the partitions at step i, and the solid
lines are the boundaries at step i+1. The poly-
gon with bold solid edgbes is subarea Sj"'l. It

is obvious that §/** =~ )} Si™. Note that

S]-i;,+1 may be null for certain j or I.

_ Py
Sinces;™ = )} S, andthe numberof nodesin

subareeSji+1 doesnot changeaftertheredeplyment,then
Z Wi z

. gji+l (X)dX - Nji+l - .

gl (x)dx:
i =1 S

So,we have
R ‘ i+1 d
i1 G (x)dx
gitt f (X)dX
v, R )
IZIb Sji +1 g|| (X)dX
g T (x)dx
P, IJ<i R i« f(x)d
1=1 n| Sjl;lﬂ (X) X
s f (x)dx
ELL

i+1
F

i+1 —

Lemmad4.3 saysthatthe proportionalityconstantsasso-
ciatedwith the distributionsin subareast the currentstep
is the weightedaverageof the constantsn previous step.
Next, we prove thatthe differencebetweenary two subar
easwill diminishaftersufciently mary 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

polygon with bold dashed edges is the s_ub-
space §. Itis obvious that S} = = [ Sit.

= PovEL 2 -
mma4.4 Let Riz1 = (ki ko), wheeF =

sf(x)dx andF| =
proachesin nite, ' approaces0.

Proof SinceS| = jM:‘l*l Sji;,+1 , asshawvnin Fig 2,
) Z WM Z ’\%ﬂ .
Fl=  f(x)dx= ~ f(x)dx = Rt
S| j=1 jI:I ! j=1
For similar reason,
+1 _ I i+1
R = Fi

%i |I 2
i i
— (ki ko)
1=1 F
Wi P _M_il+1 'I-|+l _
= = = (ki ko)®
1=1
1 X wﬂ i+1 (i 2
=F [ Fi (ki ko)L;
=1 j=1
+1 i+1
i+1 F]Il: (kji+l k )2
j=1

5| f (x)dx, then Whenstepi ap-

So,if wedene = i+1 .

1 Wﬂ X]i i 2 i+1 i+1 2i+l
= [ (k ko)™ Fy (K; ko)°Fj " I
j=1 I=1
Let
p= (K ko) RN
I=1
] - (kji+1 ko)z Fji+l
we have
i — 1 '\%ﬂ( )
== i)
F =1

Ontheotherhand,replacd with I,

. Xio o
]_ Fjl +1 — (kll1 k0)2 Fjll+il Fj|+1
|1:l

X ,
= K, ko)? Fit

JHIEY Fji;|+21 )]
|1:1 |2=1
XX i 2 i+1 i+1
- [(ki, ko) Fay Fs b
|1=1 |z=1
Fromlemma4.3
]_Fji+l - (kjl+l kO)Z(Fji-+l )2
= [(k]l+l kO) Fj|+l ]2
bl _ _
=0 Fio(kio ko)™
10=1
Then,
( j i) Fji+l
Wi Wi i+1 i+1 i i 2
= Fi;| 1 Fi;| 2 [(kll kO) (k|2 ko)]
|1:l |2:l
_ Xi X " o -
- Foy Fos (ki k)=
|1=1 |2=1
Therefore
_ Mg
= % (i 1)
j=1
L b _1 XX i+ i+ ; ’
“r = Fit Rk, K7
j=1 J 11=1 1,=1
= l XII XII i+1 (kl ki )2.
E I1;12 \™My 127

|1:l |2:l



i+1 i+1
i+l _ P M1 Fj|:|+ i

where |7 = —Fl,l—"l Becausd (x) 0,
_ i
we have F/™  0Oand F)™" 0. Additionally, be-

cause Fji;fl areindependentvith stepi, the probability
that Fji;f’l = 0 for all j is very small, especiallywhen
therearelarge numberof nodesin the system.So,we have
[
0.
Now, we prove that I approache$§ asi approache-
nity . Suppose ' 8 Oforaryi.Since ' 0, theremust

exist > Osothatforaryi, ' . Supposeat step
i, (KI,  ko)? is the maximumamong(k|  ko)? for all
12 f1;2;:::; Mg, we have
i— X oy 2
= Fki ko)
1=1
| .
"k ko)

=

Ontheotherhand theremustexistsI®sothat(k,  kio)?
(K. ko)2. Then,

%

: 1 . : :
N
|2:l

Fi:;;.lo(kim kio)®

1 . :

£ mio(Kin  Ko)?

1in F

F ™F

mio(Kin  ko)?

Fi

0
i+l i 2
. . ok ko)
where o = min; 22—
m
0 i . . . . .
, ' <, whichis a contradictionwith the assump-

0 .
tion that ' is alwaysgreaterthanor equalto hencethe
assumptions nottrue. Thereforewheni approaches n-
ity, ' approaches.

FromLemma4.4,we canconcludehataftersufciently
mary stepsthe kji in all subareasirethe same,andhence
the densitydistribution of the nodesin the whole sensing
eld g(x) = ko f(x)forallx 2 S.

and ¢ > 0. So,ifi >

5. Simulation Results

We carried out several simulationsto verify the valid-
ity of ouralgorithm.In the simulationswe assumehatthe
scalar eld is directly givenby thereadings (x; y) of sen-
sorsplacedat locations(x; y). We assumeda eld which
behaesas
(x 4)2;( y 92

r(x;y) = ro(x;y)+ =01l+e 2+

where is azero-meamandomvariablewith Gaussiartis-
tributionN (O; ).

Thesimulationswereperformedn a 2D environmentof
size10x10.At the beginning of the simulations,all nodes
arewithin a startareawherex 2 [0; 1] andy 2 [0; 10]. 500
nodesaredeployed. Thecommunicatiomangeof eachnode
is 3 units. The probabilitythata nodeelectsitself asa clus-
terheadis choserto be0.05.Henceapproximatel25 clus-
tersareformedat eachstep.

Fig 3 shavsthenodedensitiesafter120stepsn onesim-
ulationtrial. Onestepheremeansoneiterationof theredis-
tribution processFig 3(a) is the scalar eld and Fig 3(b)
shavsthe nodedensitydistribution. In this trial, the covari-
anceof the noiseis 0.1, approximatelyl0% of the maxi-
mumreading.

Figure 3. (a) the scalar eld f(x); (b)The node
densities after 120 steps.

To illustrate the insensitvity of the algorithm to
noise, we de ne desirednode density actual node den-
sity and densityerror as follows. Desirednode density at
location(Xo; Yo) is de ned as

f (x; y)dxdy
A ;

(xy)2s

do(Xo;Yo) =
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Figure 4. The node deployment density better
approximates the desired prole 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 steady-state den-
sity errors in four curves.

wheresis a squarecenteredat (Xo;yo) andA = 2is
theareaof s. In simulations, = 2:0. Actual nodedensity
atlocation(xo; yo) isde ned as

n
d(xo;Yo) = KS;

wheresandA havethesamemeaningasaboreandn is the
numberof nodeswithin the squares. The densityerroris
de nedas

err = jaix;y)  do(x; )i
x2f 0:5;1:5;:::; 9:5g y2f 0:5;1:5;::;; 9:5g

Fig 4 shows the densityerrorsas a function of time. The
simulationsare donein 4 groupsand eachgroup consists
of 10 trials. The trails in one group sharethe samenoise
covariance( ), andeachcurve representshe avarageden-
sity errorsover the trials within onegroup.From Fig 4 we
canseethatthe error corvergesafter about60 steps.Note
thatin the simulationsall nodesstartfrom a smallareaand
the corvergencedime includesthetime for the nodesto ex-
pandto thewhole sensingeld. The corvergencetime and
nal steady-staterroris largelyinsensitveto noise.

Fig 5 summarizeghe steady-stat@ensityerrorswhen
thenoisecovariancancreasesrom 0to 0.4.Steady-stater
rorsarecomputedoy averagingthe densityerrorsafterthe
60th timestep.The basicobsenationis that our algorithm
producessteady-staterrorsthatincreaseslowly with the
increaseof thenoise.

220

200t : 7

180r 1

160 1

140 i

Average density errors

0 0.1 0.2 0.3 0.4
Noise covariance

80

Figure 5. Steady-state density error increases
slowly with increased sensor noise.

6. Physical Experiments

The sensoideploymentalgorithmhasbeentestedon the
Robomoterobot testbed7] (shavn in Fig 6). The experi-
mentsarecarriedoutona200cm  100cm tableandMez-
zaning[11] is usedfor nodelocalization.

Figure 6. Robomote testbed

There are two implementationissueswith the experi-
mentson therobomoteestbedGiventhesmallnumber(6)
of robomotesavailablefor experimentsthe centralizedal-
gorithmmay not deploy the nodesin the givendistribution
within eachsmallneighborhoodThatis, the densitydistri-
bution of onetime deploymentmay vary signi cantly from
the desiredpro le. However, the averagedensitydistribu-



tion over several stepswould approximatehe desiredone.
Accordingly the averagedensitydistribution over the last
20 stepsare usedto display the experimentalresults.An-
otherproblemwith a smallnumberof nodeds anincreased
probabilitythatno clusteris formed.For instancein theex-
perimentstheprobabilitythatonenodeelectstself asclus-
ter headis setto be 0.25, sothe probability thatno cluster
headelectedis (1 0:25)° = 0:178Q Sincein the experi-
mentsthecommunicatiomangeis setto be40cm, theprob-
ability thatonenodedoesnotjoin ary clusteris evenhigher
Thus,somenodesmightsit atonelocationfor severalsteps.
Becausdhe overall nodedensityis low (lessthanl per10
cm), sitting at one locationfor even one stephasconsid-
erableeffect on the averagedensitydistribution. Therefore,
eachnodeis programedto randomly move one stepif it
doesnot join ary cluster The otherissueis that the size
of arobomoteis 7cm  4:5cm andhencethe distancebe-
tweentwo robomotescannot be very small. However, the
new locationsgeneratedy the clusterheadmay be very
closeto eachother As aresult,beforeassigningocations,
the clusterheadscheckto make surethatthe locationsare
suchthatthe distancebetweenrary two locationsis greater
thanathreshold.

Experimentswith the robomoteswere performedin
one dimension. Robots were required to deploy them-
selesalongthe x-axis, basedon measurement® a given
pro le

(x_100) 2
r(x) = e 232 ;

andherewe alsoassumehatscalareld f (x) = r(x). Sev-
eralexperimentsvereconductedandthefollowing aretwo
selectedexamples At the beginning of the experimentsall
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 compareshe -
nal densitydistributions (bars)andthe desireddistribution
(solid line, obtainedby normalizingf (x)). The two distri-
butionsarein reasonablagreement.

7. Conclusion

In this paper we presented distributeddeploymental-
gorithmfor amobilesensonetwork whichis ableto deploy
sensomodesin a distribution proportionalto a scalar eld
(inducedby someernvironmentalphenomenon)Our strat-
egy is to randomly partition spaceinto sufciently small
neighborhoodsat eachiteration of the algorithm. Within
eachneighborhoodhe redistritution procesdirectedby a
clusterheador leadernodeis enacted We prove that af-
tersufciently mary iterationsthedistribution of nodesap-
proacheshedesiredoro le in theoverallregion.

average node density
average node density

% 100 10 120 130 ® 10 10 120 130 190
position (cm) position (cm)

(@) (b)

Figure 7. Data from two trials with the robo-
motes. The bars show the average sensor
density distrib ution in the steady state, the
curve shows the desired prole .

Thoughthe algorithmpartitionsthe systeminto clusters
and eachclusterneedsone head,the clusterheadsare se-
lectedrandomly Sothe algorithmdoesnot suffer from sin-
gle pointfailure.Anotheradvantageof this algorithmis that
sophisticatedlatafusion can be doneby the clusterhead
sinceit hasthe sensingdatafrom all its neighbors For ex-
ample,a clusterheadmay exploit linear regressionto |-
ter noiseor identify failed nodes We shov experimentally
that the algorithmis noisetolerant.Finally, the algorithm
canbeeasilyextendedo 3D deploymentaslong asenough
nodesareavailable.Theexperimentgeportecherearecon-
ductedin 1D andthe simulationsin 2D, but the algorithm
doesnot make any assumptioraboutthe dimensionof the
problem.

The computationakompleity dependson the number
of nodeswithin eachcluster Given the size of the sens-
ing eld, the biggerthe size of clusters the fasterthe dis-
tributed algorithm corverges while more computationis
neededht eachclusterhead.The corvergencespeedof the
distributedalgorithmalsodependson how the clustersare
formed.More stepsareneededf thesystengeneratesim-
ilar clustersat consecutie timestepsTherefore the algo-
rithm could be improved by usinga betterclustergenerat-
ing algorithm.
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