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Abstract— T his paper describes an algorithm for deploying a mo-
bile sensornetwork. A mobile sensornetwork is made up of a dis-
trib uted collection of nodes, each of which has sensing, computa-
tion, communication and locomotion capabilities. In this paper, we
describe an incremental deployment algorithm in which nodes are
deployed one-at-a-time into an unknown ervironment. Each node
makes use of information gathered by previously deployed nodesto
determineits optimal deploymentlocation. The algorithm is designel
to maximize network ‘coverage’ whilst ensuring that nodesretain
line-of-sight with one another (this latter constraint arisesfrom the
needto localize the nodes: in our previous work on mesh-basedb-
calization [9], [10] we have shonn how nodescan localize themseles
in a completely unknown envir onment by using other nodesasland-
marks). In this paper, we describea seriesof experiments (conducted
in both simulation and reality) aimed at validating the algorithm and
illumi nating its empirical properties.

I. INTRODUCTION

This paper describesa self-deplyment algorithm for
mokle sensomnetworks. A mokle sensometwork is com-
posedof a distributed collection of nodes eachof which
hassensingcomptation,comnunicationandlocomdion
capaliities. It is this latter capaliity thatdistinguishe a
mohle sensometwork from its more conventioral static
cowsins. Locamotionfacilitiesa nurmber of usefulnetwork
capaliities, includng the ability to self-deploy and self-
repar.

We ervisagethe use of mobile sensometworks in ap-
plicatiors rangirg from urbancomba scenariosto search-
andrescueoperationsand emegeng/ environmert moni-
toring. Considera scenarianvolving a hazardus materi-
alsleakin anurban ervironmen. Metaphaically speak-
ing, we would liketo throw a ‘budket’ of sensonodesnto
a building through a window or doorway. The nodesare
eguppedwith chemich sensorghatallow themdetectthe
relevanthazar@usmaterial. The nodesproceedo deploy
themselesthroughaut the building in suchaway thatthey
maximize the area‘covered’ by their sensors.Datafrom
thenodess transmittedo a basestationlocatedsafelyout-
sidethe building, whereit is assembledo form alive map
shaving the concefrationof hazarduscompaindswithin
thebuilding.

For a sensometwork is to be usefulin this scenarigthe
location of eachnodemustbe deternined. In urban en-
vironments,it is not possibleto use GPSfor this purpose.
Similarly, landmark-basedocalizationappr@achesaregen-
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erally unsuitalbe, sincewe exped that prior modelsof the
ervironment are eitherunavailale, inconplete or inaccu-
rate.Thisis particularlytruein disasteiscenariosyerethe
ervironment may have undergone recent(and unplaaned)
modfications. Fortundely, aswe have recentlyshavn [9],
[10Q], it is possibleto determire the locationof nodesin a
network by usingthenodeshemselesaslandmarks. This
techriquedoes of courserequir thatnodegmaintainline-
of-sightwith oneanotter. Consequetty, in this paperwe
demandthat noces shoulddeplg in sucha way thatthey
maxmize thearea'covered’ by the network, whilst simul-
taneasly ensurimg that eachnode canbe seenby at least
oneothernock.

Thedeploymentalgorithmdescribd in this pape is both
incrementalandgreedy Nodesarededoyedoneat-a-time,
with eachnodemaking useof datagatteredfrom previ-
ouslydeplo/ed nocesto deternine its optimd deployment
locatin. The algoiithm is greedyin the sensethatit at-
temptsto deternine, for eachnode the locationthat will
produce the maximumincreasein the network coverage
area.Unfortunately aswe will shav in SectionllI-C, de-
termiring the ‘optimal’ placenent(even in agreedysense)
is afundamentallydifficult prablem. Consequetty, thede-
ploymentalgorithmdescribedn this papereliesonanum-
berof heuristicgo guide this selectiornprocess.

We have condicteda seriesof experimentsn simulation
aimedat characterizig theperfamanceof theincrenental
dedoymentalgorithm We have alsocondictedlimited ex-
perimentswith arealsensonetwork to confim theefficacy
of thealgoithm undercontrdled real-world conditians.

Il. RELATED WORK

Although we arenot awareof ary previousresearchihat
corsidersthe specificdeploaymentprodem describe here,
ourworkis influenedandinformedby anunberof related
problems.

The concep of coverage as a paradign for evaluating
mary-robot systemwas introdwced by Gage[6]. Gage
defines three basictypesof coverage: blarket coverage,
wheietheobijectis to achiese astaticarrangmentof noces
that maximzesthe total detectionarea;bariier coverage,
wheie the objectis to minimize the probability of unde-
tectedpenetréion throughthebarrier andsweepcoverage,
which is more-a-lessequvalentto a maving barrier Ac-
cordng to this taxoromy, the algoiithm describedn this
pageris ablanket coveragealgoithm.



The prodem of exploration andmap-huilding by a sin-
glerobotin anunkrown environmenthasbeenconsideed
by anumkber of authorq19], [20], [21]. Thefrontierbased
appoachof Yamauchetal. [19], [20] is particulaty per
tinent: this exploration algorithm proceels by incremen-
tally building aglobd occu@ng/ mapof theervironment,
whichis thenanalyze to find the ‘frontiers’ betweerfree
and unkrown space. The robd is directedto the near
estsuchfrontier. The network deployment algorithm de-
scribedin this pape sharesa numter of similaritieswith
thisalgorithm: we alsobuild a global occumngy grid of the
ernvironmentanddirect nodesto the frontier betweerfree
and unknown space. However, in our degoymentalgo-
rithm themapis built entirelyfrom live, ratherthanstored,
sensorydata.We mustalsosatisfyanadditioral constrair
thateachnode mustbevisible to atleastoneothernode.

Multi-roba explorationandmapbuilding hasalsobeen
explored by a number of authos [3], [15], [16], [12] who
useavarietyof techniqiesrangirg fromtopolagicalmatch-
ing [3] to fuzzy inference [12] and particle filters [16].
Onceagaintherearetwo key differencedetweerthis ear
lier work andthe work descriled in this pager: our maps
are built entirely from live, not stored,sensorydata,and
our deploymentalgorithm must satisfy an additioral con-
straint(i.e. line-of-sight visibility).

Thedeploymentprodemdescriledhereis similarto that
descriled by Bulusuet al. [2], who consicer the prablem
of adaptve beaca placemenfor localizationin large-scale
wirelesssensornetworks. Thesenetworks rely on RF-
intensity information to deternine the location of noces;
appopriateplacenent of RF-beacos is therebre of crit-
ical importarce. The authorsdescribean empirical algo-
rithm that adaptvely deterninesthe optimal beaconloca-
tions. In a somavhat similar vein, Winfield [18] consid-
ersthe problem of distributed sensingin an ad-toc wire-
lessnetwork. Nodes areintroducedinto the environmett
en-massandallowed to disperseusinga randan-walk al-
gorithm. Nodesareassumedo have a limited communi-
cationrange, andthe ervironmentis assumedo be suffi-
ciently large suchthatfull network connetivity cannotbe
maintaned. Hencethe network relieson cortinuousran-
dommotionto bring nodesinto contactandtherebypraop-
agde informationto the edges of the network. Our work
differsfrom thatdescribed by theseauthos in a nunber of
significart ways. Whereasboth Bulusu and Winfield are
corcernedonly with sensorange, we assumehatnetwork
nocesare equipped with sensorghatrequire line-of-sight
to opeate (suchas camerasor laserrange-finders). Un-
like Winfield, our deploymentalgorithm is specificallyde-
signedto presere network conrectiity. It alsoaimsto
produce contrdled deploymenratherthan randon diffu-
sion Finally, unlike Bulusu,our algoiithm is incrementé
rathe thanadaptive, oncenodesaredegoyed, they donot
chargelocation.

L

Q——0
(b)

Fig. 1. (a) A typical obstrudion problem, with a waiting nodeunabk to
reachits deploymentlocation. Thegrayareaindicatesthe region of space
that not yet covered by the network. (b) The obstriction is resolhed by
re-assigmg the deploymentlocation to anotter node.

Finally, we note the probdem of degoymentis related
to thetraditional art gallery problemin computationalge-
omedry [14]. Theart gallery prodem seeksto deternine,
for somepolygonalenvironment, the minimum nunber of
cameasthatcanbe placedsuchthattheentireervironmen
is obsered. While thereexist a nunber of algorithms de-
signedto solve theartgalleryproblem all of theseassume
thatwe possesgoodprior modds of the ervironment. In
cortrast,we assumehat prior mockls of the ervironmen
areeitherincompete,inaccuateor non-&istent. Thesen-
sor network musttherefoe empirically andincrementally
deteminethestructureof the ervironmert.

I1l. INCREMENTAL DEPLOYMENT ALGORITHM

The algorithmdescribechereis anincrementaldeploy-
mernt algaithm: nodes are deplgyed one at a time, with
eachnodemakinguseof informationgatheed by the pre-
viously deplog/ed nodesto determire its ideal deployment
locatin. The algorithm aims to maximizethe total net-
work coverage, i.e. thetotal areathatcanbe ‘seen’ by the
network. At thesametime, thealgorithmmustensurethat
thevisibility constaint is satisfied;i.e, eachnode mustbe
visible to atleastoneothernoce.

A. AssumptionsConstaints, Performance

Theincremantal deploymentalgorithm reliesonanum-
berof key assumptias:



e Homogeneousnodes: all nocks are assumedo be
idertical. Furthernore, we assumethat eachnoce is
egupped with a range sensor(such as a laser range
finder or sonararray) a broadtastcomnunicationsde-
vice (suchaswirelessEtherret),andis mountedonsome
form of mokle platform.
e Static ervironment: the ervironmentis assumedo
be static, at leastto the extert that grosstopdogy re-
mainsunchagedwhile the network is deplg/ing. We
assumefor exampe, that opendoors remainopenfor
the duration of the deplayment process. Note that the
degoymentprocessitself will modfy the environment,
asnodeswill bothoccludeandobstrict oneanotrer.
e Model-free thereare no prior mockls of the ervi-
romrment. This algorithm is intenced for applicatimsin
which environment modelsare unavailable, inconplete
orinaccuate.Indeed,akey taskfor the network maybe
to geneiate suchmodsds.
e Localization: the pose of eachand every nodeis
known in somearbitrary globalcoordnatesystem.
In our previous work on mesh-baedlocalization[9], [10],
we shavedhow global localizatian canbe perfomedusing
only the measuredelatiorships betweennetwork nodes.
Thistechniqiedoesnotrequire exterral landmaks or prior
mockls of the ervironment. It does,however, requirethat
eachnodebe visible to at leastone othernoce. It is this
requrementgivesriseto thevisibility constraintwhichwe
defineasfollows:
¢ Visibility constraint: eachnode mustbe visible to at
leastoneothernodeatits final deplgyedlocation.
This constrain doesnot necessarilymply thatnodesmust
be visible at all times if we assumethat the nodes are
eguppedwith someform of odomery or inertial naviga-
tion, they neednot be continwusly visible whilst they are
in motion

The incremental deployment algorithm is desigred to
maximize a singleperfomancemetric:

e Coverage metric: the coveragemetric measues the
total areavisible to the network’s sensors.

Idedly, we would like to comparethe networks produced
by theincrememal deploymentalgoiithm with anoptimd
network. By definition anoptimd network maximzesthe
coveragemetric whilst simultaneosly satisfyingthe visi-
bility corstraint. We would like to be ableto indicate,for
example,thatthe coveragefor a particularnetwork is 50%
thatof theoptimal network. Unfortunately finding the op-
timal network is extremelydifficult, evenin thepresencef
a gooda priori mocel. The spaceof possiblenetworks is
vast: considera network of n nodesin anernvironmentof
areaa. If we discretizethis areainto da distinctlocatiors,
the nurmberof possiblenetworksis (da)™ (notall of which
will satisfythe visibility constrait) For a relatively small
network with n = 10, a = 100m? andd = 10, the num-
ber of possiblenetworks is 1030. A brute force searchis
therdore clearlyimpractical. While theremay exist closed

form solutionsor goad appoximatiors for this prablem (it

is, for exanple, similarto theartgallery prodem[14]), we

are not aware of ary suchsolutiors at this time. Conse-
quently, in this paper we make no attemptto find optimd

networks.

Ther is onefinal issuethat mustbe consideed in the
designof a practicaldeployment algaithm: obstructia.
Whenthe size of the nodesis comparablewith the size of
openingsin the environmen, nodesmay find themseles
unale to reachtheir deploymentlocatiors dueto obstruc-
tion from previously deplged nodes. See,for exanple,
the situationillustratedin Figure 1. Thereis, fortunately
avery naturalsolutionto this problemthatexplaits the ho-
mogeneity of the network nodes:an obstrictednode may
swap roleswith the nodeobstructimg it. Thus,if node A
is obstrictedby noce B, nodeB will moveto A’s deplgy-
mert location while A will replaceB atits original deploy-
mert location(seeFigurel). Sinceall nodesareassumed
to be equivalen, this role-swappng makes no fundional
differencao thenetwork. For comgex environmernts, with
mary obstrictions, this resolutian stratgyy mayneedto be
appied recursvely: A replacesB, B replaesC, C re-
placesD andsoon. We will describearecursveresolution
algaithm basecdn this concepin Sectionlll -D.

B. AlgorithmOverviev

Theincrenentaldeploymentalgorithm hasfour phases:
initialization, goalselectiongod resolutionandexecutia.

e Initialization. Nodesareassignedneof threestates:
waiting, active or deployed As the namessuggest,a
waiting nock is waiting to be deployed, an active node
is in the processof deploying, anda deployed nodehas
alrea¢y beendeplgyed. Initially, the stateof all nodess
setto waiting, with the exception of a single nock that
is setto deployed. This nodeprovidesa startingpoint,
or ‘ancha’, for the network, andis not subjectto the
visibility corstraint.

e Goalselection.Sensodatafrom thedeployednodesis
combinedto form a mapof the environment. This map
is analyzel to selecttheoptimaldeploymentlocationfor
the next node. Idedly, the goallocationwill maximize
the coveragemetricwhilst simultaneosly satisfyingthe
visibility corstraint.

e Goal resolution. The goalis assignedo a nodeusing
a variant of the recursve resolutionstratgy described
previously. If the goalis assignedo a deployed node,
theresolutiomalgorithmis calledrecursvely to re-assign
thededoyednock’s previousgoal. If thegoalis assigned
to awaiting node thealgaithm terminatesThe stateof
ary nodethatis assignear re-assigadagoalis changd
to active. Thusit is possiblefor morethanonenodeto
be marledasactive during theresolution phase.

e Execution. Theactive nodesaredeplg/edsequentially
to theirgoallocatiors. Thestateof eachnodeis changd



from active to deployeduponarrival atthegoal.

Thealgorithm iterateshrough theselectionyesolution and
execution phases, terminatirg only when all nodeshave
beendeploed.

C. Goal Selection

The selectionphasedeterninesthe next deploymentlo-
cation or goal. Ideally, the goalshouldmaximizethe cov-
erag metricwhilst simultaneasly satisfyingthe visibility
corstraint.Unfortunatelyin practice thereis noway of de-
termiring the ‘optimal’ goala priori, not even in a grealy
or local sense Sincewe lack a prior modelof the environ-
men, we mustinsteadrely on sensordatafrom deplo/ed
nocks;sincethis datais, by definition inconplete,ourrea-
sonirg must be similarly inconplete. Consequstly, the
algaithm describechereavoids suchreasonig altogether
Instead we useoneof a numter of relatively simplegod
selectionpoliciesthatrely on heuristicsto guidethe selec-
tion process.

As afirst step,sensordatafrom the deplo/ed nocesis
combinedto form anoccumncygrid [4], [5]. Eachcell in
this grid is assignedne of threestates:freg occuped or
unknown A cellisfreeif it is knownto becontainnoobsta-
cles,occupedif it is known to containaoneor moreobsta-
cles,andunkrown otherwise.We usea standardBayesian
technque[5] to deternine the prokability thateachcell is
occlpied, thenthreshdd this probability to determinethe
stateof eachcell.

Any cell that canbe seenby oneor more nodeswill be
markedaseitherfreeor occipied;only thosecellsthatcan-
notbeseerby anynodewill markedasunknown. ! There-
fore, we canensue thatthevisibility constraints satisfied
by alwaysselectinggoalsthatlie somevhee in freespace.
Unfortunately not all free spacecells representvalid de-
ploymentlocations.Sincenodeshavefinite size,afreecell
thatis closeanoccuped cell may not bereachale. Simi-
larly, we musteliminatefreecellsthatarecloseto unknovn
cells,sincethesecellsmayalsoturn outto beoccuped.

To simplify thiskind of analysiswe post-pocesgheoc-
cupng grid to form a confguration grid. As the name
sugeests, the configuation grid is a representationof a
nock’s configuration space[13]. As with the occypangy
grid, eachcell in the configuration grid can have one of
threestates:free occupiedandunknavn. A cell is freeif
andonly if all the occiypang grid cellslying within a cer
tain distanced arealsofree (the distanced is usually set
to a value greaterthan or equa to the node’s radiws). A
cellis occipiedif thereareoneor moretheoccu@ng grid
cells lying within distanced that are similarly occuped.
All othercellsaremarledasunknown

Istrictly speakig, since simple Bayesia reasonig doesnot distin-
guishbetweenignoranceandcontraliction, a cell mayalsobe marked as
unknawn if thereis contradiciory evidenceregarding its occumng state.

Any poirt in free spacein the occumng grid is guar
anteedo bevisible; in cortrast,ary pointin free spacen
the configuation grid is guaanteedo be both visible and
reatable Consequetty, whenselectingagoal,theselec-
tion algaithm always chosesa locationthat lies in free
spacen the configuationgrid.

The selectionalgorithmmalkes useof two heuistics to
guide goal selection:a boundiry heuristicanda coverage
heuristic.

e Boundary heuristic: nodes should deploy to the
boundarybetweerfreeandunknown space.

This heuristicseekgo placenodesn suchaway thatthere
is minimal overlap betweensensoryfields, therely maxi-
mizing the coveragemetric. By placingthe nodeson the
bowndary of free space(in the configuration grid), this
heuistic also ensues that the visibility constraintis sat-
isfied.

e Coverage heuristic: nodesshoulddeplg to the lo-
cation at which they will ‘cover’ the greatestareaof
presetly unknown space.

This heuristicseekgo placenodesatthelocationatwhich
they have the greatst poternial to increasethe coverage
area,if we malke the optimistic assumptionthat all un-
known areasare,in fact, free space. There is no guaan-
teethatthis assumptia is correct, of coursethenodemay
degoy to a locationthat appeas to cover a large areaof
unknown spacepnly to find thatit hasdefdoyeditself into
acloset.

In and of themseles, the heuristicsdo not necessarily
specifya uniquegod location They can,however, bein-
corporatedinto a nurmber of goal selectionpolicies each
of which will deternine a unique goallocation. We have
implementedfour suchselectiorpolicies:

e P1: randbmly selectalocationin freespace.

e P2: randbmly selecta location on the free/unkown
boundary

e P3: selectthe free spacelocationthat maximizes the
coverageheuristic.

e P4: selectthe free/tnknovn boundary location that
maximizesthe coverageheuristic.

Thesepoliciesexpressall possiblecombinationsof thetwo
heuristics, includng the ‘contrd’ casein which neither
heuristic is used. The first two are stochasticwhile the
lattertwo aredeteministic. Note that P4 is a specialcase
of P3;it isincludedpartly for completerss,andpartly be-
causeit canbe computedmuchmore rapidly thanP3. In
SectionlV, wewill comprethe perfomanceof thesefour
policies in an expelimental cortext, and attemptto deter
minetherelative contiibutionsof theundelying heuistics.

D. GoalResoltion

The goal resolutionphaseattemptsto assignthe newly
selectedgoal to a waiting node. As we notedin previ-
ously this processis comgicatedby thefactthatdeplo/ed



(b)

Fig.2. (a) A fragmeri of the simulaedervironment.(b) Occupamy grid producecby atypical deployment.

700 . .
Policy 1 ——+—
Policy 2 ---x--=
Policy 3 +--%---

Policy 4 +&-i
600 olicy e

P
g BEE
g B

500
400
300 [

200

100

Fig. 3. Coverageversusnumberof deployed nodes for the simulaed
ervironment.Theresulsfor all four seledion policiesareshavn, togeter
with the line of bestfit for eachpolicy. Note that policies P3andP4 are
notdistinguishabg in this plot.

nocestendto obstrict waiting nodespreventingthemfrom

reacling thegoal. Thus, it is geneally notsufficientto sim-
ply assigrthegod to thefirst waitingnode.Insteadwe use
thefollowing recussiveresolutionalgorithm

¢ Find the nearestdeplo/ed or waiting noce that can
reachthegoal.

o If the nock is waiting, assignthe goal to the selected
node, andchang the nodes stateto active.

o |f thenodeis deplojed, assignthe goalto the selected
node, chang its stateto active, andcall theresolutional-
gorithm recursvely to assignthenoce’s currert location
to anotler noce.

Thisalgorithmalwaysassignghe goalto theneareshode,
whetter it is waiting or deplged (active nodes are not
corsidered sincethey alreadyhave goals). This produces
someinterestingoehaior: the network will tendto ‘ooze’

outfromits startinglocation,with mary nodesn motionat
ary given poirt in time. In addtion, asthe network spread
through the ervironment,the samenoceswill tendto re-
mainon edgeof the network.

This ‘oozing’ behaior canbe radically alteredthrough
aslightmodificaion to theresolutionalgoithm. If we bias
thealgorithm suchthatgoalsareassignedo waiting nodes
in prefaenceto deplo/ed noces, the network will tendto
degoy in a‘leap-frog’ fashionwith mostof the nodesre-
mainirg stationarywhile a singlenodedeplgys. With this
modfication, nodes on the edgeof the network are con-
tinually replaced. Thisis only true,of coursefor relatively
open ernvironmentswhereobstrictionsarerare.In ahighly
corstrainedervironmert, whereobstrictionsarecomman,
we expect that this modified algoithm will, of necessity
alsoprodice’oozing’ behaior.

It is unclear, atthis time, which of thesetwo resolution
algaithmsis prefeable. While thefirst algotithm mayper
mit fasterdeployment(theaverage distanceeachnodemust
move will be significarily shorte), the secondmay facil-
itate betterlocalization (erross tend to accunulate while
nodesarein motion hencekeepirg mostof the nodessta-
tionary shouldlieadto betterlocalization) In this paperfor
no particularreasonwe will persistwith thefirst of these
algaithms.

Notethatbothresolutionalgorithns requile thatwe gen-
erate,for eachnode, a plan for reacling the goal. To this
end we make useof thecorfigurationgrid generateéh the
selectionphase applying a distancetransform[21] to the
grid, andtherebydeternining, for eachcell, the distanceo
thegod. Thedistanceransfam worksby assigninga dis-
tanceof 0 to thegoalcell, a distanceof 1 to cellsadjacen
to the goal, a distanceof 2 to cells adjacento thesecells,
andsoon. Distancesarenot propagatedhroudh occuped
or unkrown cells. In this way, the distancetransfom will



TABLE |
COVERAGE RESULTS FOR THE FOUR GOAL SELECTION POLICIES; o
MEASURES THE AVERAGE AREA COVERED BY EACH NODE.

Poliy | @ (m?) 1/a (m™2)
P1 3.85 0.260
P2 9.55 0.105
P3 11.8 0.087
P4 11.8 0.087

assigna value to every cell from which the goal can be
reacted. Thus,for eachnode, we candetermire the dis-
tanceto thegoal,andwhether or notthenodecanreachthe
god, by inspectinghevalue assignedo thecell containng
thenock.

E. Execution

During the execution phase active nodesare deplo/ed
to their goallocations. By default, this deploymentis se-
guential: we wait for eachnock to reachits goal location
befae deplg/ing the next node. Sincethereis only one
nock in motion at ary given poirt in time, we eliminate
ary potentialfor interferere betweennodes. Sequetial
dedoymentis, however, quite slow. In practice,we find
that nodes canbe degdoyed concurently with little or no
interferencegreatlyreducirg theoverall deploymenttime.
Unfortunately sincewe canrot guaranteethat noces will
notinterfere, sequetial deploymentis alwaysthe saferop-
tion.

Nodesnhavigateusingastandargotentialfield contoller
[1], [11] in which the goal is represeted as an attractve
force andobstaclesarerepesentedasrepulsie forces. In
orderto avoid local minima, we usethegradien of thedis-
tancetransfom generatedn the resolution phaseto rep-
resentthe goal force. Thus, the noce will tendto ‘surf’
down the distancetransfom gradient to the goal. The ob-
stacleforce is gengateddirectly from the node’s sensors,
and prevents the noce from colliding with obstacleghat
whele not presentvhenthe distanceransformwasgener
ated.This ensure safenavigation, evenwhenthe erviron-
men is notentirelystatic. Suchis the casewhennodesare
depoyed concurently ratherthansequentially the obsta-
cleforcecantherefae beviewedasanothemechamsmfor
redwing interferencebetweemodes.

IV. EXPERIMENTS

We have condicteda seriesof experimentsin simulation
anda single experimentwith real hardware. The simula-
tion expeimentsare intendedto checkthe functioral va-
lidity of theincrematal deploymentalgoithm, andallow
usto perfom a statisticalcomparisonof the four goal se-
lectionpoliciesdescribedn Sectionlll-C. Thereal-world
experimentis intencedmainly asa proofof-concept,estab-

lishing that the algoiithm is robustin the presese of real
sensolndactuatomoise.

A. Simulationexperiment

The simulationexperiments were condicted using the
Stagemulti-agen simulator[17], [7]. Stagesimulateshe
behavior of realsensorandactuatorsvith ahigh degreeof
fidelity; algoithms developed using Stagecan usually be
transferedto realhardwarewith little or no modification.

The sensometwork for this expeiment consistsof 50
noces, eachof which is equipped with a scanninglaser
range finder mounted on a differential mobile robot base.
Thelaserrange finderhasa 360 degreefield-of-view anda
maxmum rangeof 4m. Eachnodeis alsoequippdwith an
‘ided’ localizationsensorthat provides accurateposition
and orientation information. This sensoris usedin place
of the mesh-lasedlocalizationtechrique descriledin [9],
[10Q], asthis techrque hasnot yet beenmemged with the
incrementaldeploymentalgoithm. The simulatednodes
wereplacedin the environmen shavn in Figure2. Thisis
afragmen of a muchlarger environmen thatrepresets a
singlefloor in alarge hospital. Theinitial node placemen
correspond to the locationof the elevata shaftin thereal
ernvironment.

We corducted20 deploymenttrials for eachof the the
god selectionpoliciesdescribedn Sectionlll-C. In each
trial, we measurd the network coverageas a function of
thenumbe of deployed nodes.Theresultsaresummaized
in Figure 3, which shavs the coverage (averagedacross
all trials) plotted againstthe numter of deplo/ed nodes.
The plots also shav the variarce in coverage. Note that
the variarce for policiesP3 andP4 is effectively zero,as
onewould exped given that theseare determinstic poli-
cies.In contrastthevariarcefor policiesP1landP2,which
arestochasticis significant.

Considethefour curvesshawv in Figure3. Sinceall four
cunesareapprximatelylinear, we candetermire, for each
policy, avaluea thatmeasureshe average area’covered’
by eachnock;i.e. a is suchthatthetotal network coverage
is apprimately equalto an, wheren is the nunber of
depoyednodes.The « valuesfor policiesP1throudh P4
areshavnin Tablel. It shouldbenoted thatthesemeasues
areonly meanindul whenthetotal coverageareais much
lessthanthetotal areaof the ervironmert. In any bounded
environment, network coverage must eventually saturate,
andbouwndaryeffectsarelik ely to introducesignificantnon-
linearities.

Compaing theseresultsit is clearthatthethreegoalse-
lectionpoliciesthatincoporateoneor moreof the heuis-
tics describd in Sectionlll- C (pdicies P2to P4) perfam
significarily betterthanthe contol case(policy P1). Poli-
ciesP3andP4,in fact,producea 3-fold improvemen over
simple rancdbm deployment. It is alsoappaent that most
of this improvement can be achieved using the boundary
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(b)

(d)

Fig. 4. (a) A sensomode:a SICK scannimg laserrange-finér mountel on a Pioneer 2DX mobile robot. (b) Initial experimentd configuiation. (c, d, e, f)

Theocaupang grid with one,two, threeandfour deployednodes.

heuristic alone: policy P2 (which usesonly the boundary
heuristic) is almostasgoodaspolicy P3 (which usesonly
the coverageheuristic). Furthermore,policies P3 and P4
arealmostindistinguistable, suggstingthat the coverage
heuristic will, in almostall situations,deploy nodes to the
free/tnknowvn boundary Thus, it makessenseo usepol-
icy P4in prefaenceto policy P3, sincethe latter requies
much moretime to compue and producesnegligible im-
provemett in network coverage.

Theseresultsalso suggesthat theremay still be room
for someimprovemert in the dedoymentalgorithm. The
upper limit on « for alaserrange-finderwith a 360° field-
of-view andrangeof 4mis 50.27m?2; our bestpoliciesare
achieving arourd one-fifth of this value. While we do not
expect this upperbourd to be achievablein practice(nor
in principle,for thatmatter sincethis bound ignorespack-
ing consideratias) we would like to explore the relation-
shipbetweemn, sensorangeandernvironmental comple-
ity. This topic is, unfortunatdy, beyond the scopeof this

pager.

B. Real-worldexperiment

We have condicted a single real-world experimentin-
tendedto establishthatthedeploymentalgoritm will func-
tion with real hardware Our network consistsof four
nocks, eachof which is madeup of a SICK LMS200
scanniig laser range-finder (with a 180° field of view)
mountedon a Pioneer2DX mobileroba. Thenodeshave

anon-boardPentium-clasprocessorandcomrmunicateus-
ing 80211 wirelessEtherné. Eachnoderunsthe Player
[8], [7] roba sener; Playerabstractghe nodes physical
hardvareinto a seriesof ‘devices’, which it malkes avail-
ableasnetwork services Thus,thenodes canbecontolled
remdely over the network. For this expeiment, all four
nodeswere contrdled by a single 450MHz PIII worksta-
tion runnirng Linux.

Eachof thenodss is alsoequipedwith abeaco-based
localization ‘sensot.  This virtual sensorprocesseslata
from the laserrangefinder, searchig for codedbeacos
(our beacos are simple barcodes made from alternat-
ing stripsof retroreflectve andnon+etro-eflective pape).
For this experiment, four suchbeacos wereplacedin the
environment, allowing the nodes to deternine their posi-
tion andoriertationto anaccurayg of aboutl0cmand5 °.
As wasthe casein the simulationexpeiments,this local-
izationtechnigqieis usedin placeof the mesh-lasedocal-
izationmethoddescribedn [9], [10].

The ervironmen for this expetiment was an artificial
one constrietedin thelaboratoy from woodenpartitiors.
Thelayou of theervironmen is shavn in Figure4. Since
this ervironmentis lessthan7m acrosswe artificially lim-
ited the rangeof the laserrange findersto 4m ratherthan
theirusual8m,in orderthemake thedeploymentmoredif-
ficult.

We condicted a single deployment trial using policy
P3. Figure4 shaws a seriesof ‘snap-slots’ taken during
thetrial. Eachsnap-shbshaws the occipany grid gen-



eratedby the deplaymentalgoithm, with the position of

eachnock superinposed.Thepathtakenby nodeshetween
snapshotsis alsoshavn. Thetrial startswith four nodes
in thebottomieft cornerof theervironmen, with theright-

mostnock beingusedto anchotthenetwork (i.e. thisnodes
remans stationary. Nodesdeplo/ sequentially pushng

backthe free/inknovn with eachsuccessie degoyment.
Note that sincethe topolog of the environmer is effec-
tively linear, the nodes end up moving in a ‘Conga line’:

astheleadnode movesforward the noce immediatelybe-
hind it stepsforwardto take its place;this nodeis in turn
replacedby theonebehindit, andsoon.

While this experimentis limited in scope,it clearly
denonstratesthat the incramental deployment algoithm
canbe implementedon real hardvare and function under
cortrolled real-word corditions.

V. CONCLUSION AND FURTHER WORK

The experimentsdescribedn SectionlV clearly estab-
lishtheutility of theincrememal deploymentalgorithm and
the heuistics on whichit is based.Furthernore, while we
havenotyetfully characterizethescalingpropertiesof the
algaithm, we have empirially demorstratedthatthisis a
pradical algorithm for networks cortainingupto 50 noces
(our simulationexpeiimentswere performedin real-time
onasingleworkstatior).

The key weaknes®f theseexperimentsis their reliance
on global localization mecharsms other than the mesh-
basedmethal for which the incrememal deployment al-
gorithm was desigred (the visibility constrain arisesdi-
rectly from the needof this latter methal to maintainline-
of-sightrelatiorshipsbetweemodes). While we have pre-
viously demorstratedmesh-lasedlocalizationfor mokle
sensometworks [9], [10], this methodis notyetintegrated
with theincremenal deploymentalgoritim describd here.
We arecurrenily perfaming thisintegration, andexpectto
denonstratea combined systemin thevery nearfuture.

Our expeiimentsarealsofar from exhatstive. Therere-
main mary, mary issuesto explore, including: how does
the algoiithm scalewith network size (in termsof com-
putaional cost,bandvidth requrements,andphysical de-
ploymenttime)? How doesthe algoithm perfam in dif-
feren ervironmens? And whatis theimpactof changng
the sensorrangeor the physical size of the nodes (therdoy
redwcing obstrution)? All theseissuesemainthe subject
of on-gang research.

Our work to datedemorstratesthat a relatively simple
dedoymentstratayy, which requresnoaprior knowledge
of the environment, hasthe desiredpropertiesof robust-
nessandeffective coveragethis animportantcombiration
for thedomainsin whichthesenetworks will bepractically
appied.
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