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Abstract. This paperdescribesanincrementaldeploymentalgorithmfor mobilesensornetworks.A mobilesensornetwork
is adistributedcollectionof nodes,eachof whichhassensing,computation,communicationandlocomotioncapabilities.The
algorithmdescribedin thispaperwill deploy suchnodesone-at-a-timeinto anunknown environment,with eachnodemaking
useof informationgatheredby previously deployed nodesto determineits deploymentlocation.The algorithmis designed
to maximizenetwork `coverage'while simultaneouslyensuringthatnodesretainline-of-sightrelationshipswith oneanother.
This latter constraintarisesfrom the needto localizethe nodesin an unknown environment:in our previous work on team
localization(Howard et al., 2002b)we have shown how nodescanlocalizethemselvesby usingother nodesaslandmarks.
This paperdescribesthe incrementaldeploymentalgorithmandpresentsthe resultsfrom an extensive seriesof simulation
experiments.Theseexperimentsserve to bothvalidatethealgorithmandilluminateits empiricalproperties.
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1. Intr oduction

Thispaperdescribesanincrementaldeploymentalgorithmfor mobilesensornetworks.A mobilesensor
network is composedof a distributed collection of nodes, eachof which hassensing,computation,
communicationandlocomotioncapabilities(it is this lattercapabilitythatdistinguishesamobilesensor
network from its moreconventionalstaticcousins).Locomotionfacilitatesa numberof usefulnetwork
capabilities,including the ability to self-deploy andself-repair. We envisagethe useof mobile sensor
networks in applicationsrangingfrom urbancombatscenariosto search-and-rescueoperationsand
emergency environmentmonitoring.Consider, for example,a scenarioinvolving a hazardousmaterials
leak in an urbanenvironment.Metaphoricallyspeaking,we would like to throw a `bucket' of sensor
nodesinto abuilding throughawindow or doorway. Thenodesareequippedwith chemicalsensorsthat
allow themto detecttherelevanthazardousmaterial,anddeploy themselvesthroughoutthebuilding in
suchaway thatthey maximizetheareà covered'by thesesensors.Datafrom thenodesaretransmitted
to a basestation locatedsafely outsidethe building, wherethey are assembledto form a live map
showing theconcentrationof hazardouscompoundswithin thebuilding.

For thesensornetwork to beusefulin this scenario,the locationof eachnodemustbedetermined.
In urbanenvironments,accuratelocalizationusingGPSis generallynot possible(dueocclusionsor
multi-patheffects),while landmark-basedapproachesrequireprior modelsof theenvironmentthatmay
beeitherunavailable,incompleteor inaccurate.This is particularlytrue in disasterscenarios,werethe
environmentmay have undergonerecent(andunplanned)structuralmodi�cations. Fortunately, aswe
haverecentlyshown (Howardetal.,2002b;Howardetal.,2002d),it is possibleto determinethelocation
of network nodesby usingthenodesthemselvesaslandmarks.Thisparticulartechniquedoes,however,
requirethatnodesmaintainline-of-sightrelationshipswith oneanother. Consequently, in thispaper, we
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demandthatnodesshoulddeploy in sucha way thatthey maximizethearea`covered'by thenetwork,
while simultaneouslyensuringthateachnodecanbeseenby at leastoneothernode.

The deploymentalgorithmdescribedin this paperis both incrementalandgreedy. Nodesarede-
ployed one-at-a-time,with eachnodemaking useof datagatheredfrom previously deployed nodes
to determineits optimal deploymentlocation.The algorithmis greedyin the sensethat it attemptsto
determine,for eachnode,thelocationthatwill producethemaximumincreasein thenetwork coverage.
Unfortunately, aswe show in Section3.2,determiningtheoptimalplacement(evenin a greedysense)
is a fundamentallydif�cult problem.Thedeploymentalgorithmdescribedin this paperthereforerelies
onanumberof heuristicsto guidetheselectionof deploymentlocations.

We have conductedan extensive seriesof simulationexperimentsaimedat characterizingthe per-
formanceof theincrementaldeploymentalgorithm.Theseexperimentsdemonstratethatouralgorithm,
which is model free, achievescoverageresultsthat arecloseto thoseobtainedusinga model-based
greedyalgorithm.Theseexperimentsalso establishthat the computationtime for the algorithm is a
polynomialfunctionof ordern2 in thenumberof deployednodes.

2. RelatedWork

The conceptof coverage asa paradigmfor evaluatingmulti-robot systemswasintroducedby (Gage,
1992).Gagede�nesthreebasictypesof coverage:blanketcoverage,wheretheobjective is to achievea
staticarrangementof nodesthatmaximizesthetotaldetectionarea;barriercoverage,wheretheobjective
is to minimizetheprobabilityof undetectedpenetrationthroughthebarrier;andsweepcoverage,which
is more-or-lessequivalentto a moving barrier. Accordingto this taxonomy, thealgorithmdescribedin
thispaperis ablanket coveragealgorithm.

The problemof exploration and map-building by a single robot in an unknown environmenthas
beenconsideredby a numberof authors(Yamauchi,1997;Yamauchiet al., 1998;Zelinksy, 1992).The
frontier-basedapproachdescribedin (Yamauchi,1997;Yamauchiet al., 1998)is particularlypertinent:
this exploration algorithm proceedsby incrementallybuilding a global occupancy map of the envi-
ronment,which is then analyzedto �nd the `frontiers' betweenfree and unknown space.The robot
is directedto the nearestsuch frontier. The network deployment algorithm describedin this paper
sharesa numberof similaritieswith Yamauchi's algorithm:we alsobuild a global occupancy grid of
the environmentand direct nodesto the frontier betweenfree and unknown space.However, in our
deploymentalgorithmthemapis built entirelyfrom live,ratherthanstored,sensorydata.Wemustalso
satisfyanadditionalconstraint:thateachnodemustbevisible to at leastoneothernode.

Multi-robot exploration and map-building hasbeenexplored by a numberof authors(Dedeoglu
andSukhatme,2000;Rekleitiset al., 2000;Thrun et al., 2000;Simmonset al., 2000;Burgard et al.,
2000;López-Śanchezet al., 1998)who usea varietyof techniquesrangingfrom topologicalmatching
(Dedeogluand Sukhatme,2000) to fuzzy inference(López-Śanchezet al., 1998) and particle �lters
(Thrun et al., 2001).Onceagain, thereare two key differencesbetweentheseearlierworks and the
work describedin this paper:our mapsarebuilt entirely from live, not stored,sensorydata,andour
deploymentalgorithmmustsatisfyan additionalconstraint(i.e. line-of-sightvisibility). On the other
hand,the heuristicsusedby both (Simmonset al., 2000) and (Burgard et al., 2000) to selectgoal
points for exploration are strikingly similar to the heuristicsusedin this paperto selectgoal points
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for deployment(seeSection3.2). In effect, theseheuristicsstatethat oneshouldnot only explore the
boundaryof known space,but thatoneshouldalsobiastheexplorationtowardsregionsin whicharobot
is likely to uncover largeareasof previously unknown space.Burgarddescribesanadaptive algorithm
for makingestimatesof theseotherwiseunpredictablequantities.

A distributedalgorithmfor the deploymentof mobile robot teamshasbeendescribedby (Payton
et al., 2001).Paytonintroducestheconceptof `virtual pheromones':localizedmessagesthatareemit-
ted by one robot and detectedby nearbyrobots.Virtual pheromonescan be usedto generateeither
`gasexpansion'or `guidedgrowth' deploymentmodels.Thekey advantageof this approachis thatthe
deploymentalgorithmis entirelydistributed,andhasthe potentialto responddynamicallyto changes
in theenvironment.Thisalgorithmdoes,however, leadto relatively slow deployment;it is alsounclear,
from thepublishedresults,how effectivethisalgorithmis atproducinggoodareacoverage.A somewhat
similaralgorithmbasedonarti�cial potential�elds is describedin (Howardetal., 2002c).

Thedeploymentproblemdescribedhereissimilarto thatdescribedby (Bulusuetal.,2001),whocon-
sidertheproblemof adaptivebeaconplacementfor localizationin large-scalewirelesssensornetworks.
Thesenetworksrely onRF-intensityinformationto determinethelocationof nodes;appropriateplace-
mentof RF-beaconsis thereforeof critical importance.The authorsdescribean empiricalalgorithm
thatadaptively determinestheoptimalbeaconlocations.In a somewhatsimilar vein, (Win�eld, 2000)
considerstheproblemof distributedsensingin anad-hocwirelessnetwork. Nodesareintroducedinto
theenvironmentenmasseandallowedto disperseusinga random-walk algorithm.Nodesareassumed
to have a limited communicationrange,andthe environmentis assumedto be suf�ciently large such
that full network connectivity cannotbe maintained.Hencethe network relieson continuousrandom
motionto bringnodesinto contact,andtherebypropagateinformationto theedgesof thenetwork. Our
work differsfrom thatdescribedby theseauthorsin anumberof signi�cant ways.WhereasbothBulusu
andWin�eld areconcernedonly with sensorrange,we assumethatnetwork nodesareequippedwith
sensorsthatrequireline-of-sighttooperate(suchascamerasor laserrange-�nders).UnlikeWin�eld, our
deploymentalgorithmis speci�cally designedto preserve line-of-sightnetwork connectivity, andaims
to producecontrolleddeploymentratherthanrandomdiffusion. Finally, unlikeBulusu,ouralgorithmis
incrementalratherthanadaptive; oncenodesaredeployed,they donotchangelocation.

A mobilesensornetwork canalsobeviewedasa large-scalemobile robot formation.Suchforma-
tions have beenstudiedby a numberof authors(Balch andHybinette,2000;FredslundandMatarić,
2001;Scheideret al., 2000),all of whom describemethodsfor creatingandmaintainingformations
via local interactionsbetweenrobots.In this research,interactionwith theenvironmentis of secondary
importanceto interactionbetweentherobotsthemselves.In contrast,thework describedin this paper
emphasizesinteractionwith environment,andattemptsto minimizeinteractionbetweennetwork nodes.

Finally, we notethat theproblemof deploymentis relatedto the traditionalart gallery problemin
computationalgeometry(O'Rourke,1987).Theartgalleryproblemseeksto determine,for somepolyg-
onalenvironment,theminimumnumberof camerasthatcanbeplacedsuchthattheentireenvironment
is observed.While thereexist a numberof algorithmsdesignedto solve theart gallery problem,all of
themassumethatwe possessgoodprior modelsof theenvironment.In contrast,we assumethatprior
modelsof theenvironmentareeitherincomplete,inaccurateor non-existent.Thesensornetwork must
thereforedeterminethestructureof theenvironmentempiricallyandincrementally.
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3. The Incr ementalDeploymentAlgorithm

Thealgorithmdescribedhereis anincrementaldeploymentalgorithm:nodesaredeployedoneatatime,
with eachnodemakinguseof informationgatheredby thepreviously deployednodesto determineits
ideal deployment location.The algorithmaimsto maximizethe total network coverage, i.e. the total
areathatcanbe `seen'by thenetwork. At thesametime, thealgorithmmustensurethat thevisibility
constraint is satis�ed; i.e. eachnodemustbevisible to at leastoneothernode.Thealgorithmrelieson
anumberof key assumptions,asfollows.

Homogeneousnodes:all nodesare assumedto be identical. We also assumethat eachnode is
equippedwith a rangesensor(suchasa laserrange�nder or sonararray),a broadcastcommunications
device (suchaswirelessEthernet),andis mountedonsomeform of mobileplatform.

Staticenvironment:theenvironmentis assumedto bestatic,at leastto theextentthatgrosstopology
remainsunchangedwhile the network is deploying. We assume,for example,that opendoorsremain
open.Note that thedeploymentprocessitself will modify theenvironment,sincedeployednodeswill
bothoccludeandobstructoneanother.

Model-free:therearenoprior modelsof theenvironment.Thisalgorithmis intendedfor applications
in which environmentmodelsareunavailable; indeed,a key taskfor the network may be to generate
suchmodels.

Full communication:we assumethatall nodesin thenetwork cancommunicatewith someremote
base-stationonwhichthedeploymentalgorithmis executed.Notethatthisdoesnotautomaticallyimply
thatall nodesmustbewithin radiorangeof thebase-station:thenodesmay, for example,form anad-hoc
multi-hopnetwork (Intanagonwiwatetal., 2000).

Localization:we assumethat the poseof eachnodeis known in somearbitraryglobal coordinate
system.In our previous work on teamlocalization(Howard et al., 2002b;Howard et al., 2002d),we
have shown how nodesmay be localizedusingonly the measuredrelationshipsbetweenthem.This
techniquedoesnot requireexternal landmarksor prior modelsof the environment,but doesrequire
thateachnodeis visible to at leastoneothernode.It is this requirementthatgivesriseto thevisibility
constraint, i.e., eachnodemustbevisible to at leastoneothernodeat its deployed location.Note that
this constraintdoesnot necessarilyimply thatnodesmustbevisible at all times: we assumethatnodes
areequippedwith someform of odometryor inertialnavigationthatallows themto localizethemselves
duringperiodswhenthey cannotbeseen.

We evaluatethe incrementaldeploymentalgorithmusingtwo performancemetrics:coverage, i.e.,
the total areavisible to thenetwork's sensors;andtime, i.e., the total deploymenttime, includingboth
thetime takento performthenecessarycomputationsandthetime takento physically move thenodes.
Naturally, wewish to maximizethecoveragewhile minimizing thedeploymenttime.

3.1. ALGORITHM OVERVIEW

Theincrementaldeploymentalgorithmhasfour phases:initialization,selection,assignmentandexecu-
tion.

� Initialization. Nodesareassignedoneof threestates:waiting, active or deployed. As thenames
suggest,a waiting nodeis waiting to be deployed,an active nodeis in the processof deploying,
anda deployed nodehasalreadybeendeployed. Initially, the stateof all nodesis setto waiting,
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(a) (b) (c) (d)

Figure1. (a)A fragmentof thesimulatedenvironmentcontainingasinglenode.(b) Occupancy grid: blackcellsareoccupied,
white cellsarefree,graycellsareunknown. (c) Con�guration grid: blackcellsareoccupied,white cellsarefree,graycells
areunknown. (d) Reachabilitygrid: whitecellsarereachable,graycellsareunreachable.

with theexceptionof a singlenodethat is setto deployed. This nodeprovidesa startingpoint, or
`anchor',for thenetwork, andis not subjectto thevisibility constraint.

� Selection.Sensordata from the deployed nodesis combinedto form a commonmap of the
environment.Thismapis analyzedto selectthedeploymentlocation,or goal,for thenext node.

� Assignment.In thesimplestcase,theselectedgoal is assignedto a waiting node,andthenode's
stateis changedfrom waiting to active. More commonly, assignmentis complicatedby the fact
thatdeployednodestendto obstructwaiting nodes,necessitatinga morecomplex assignmental-
gorithm.Thatis, thealgorithmmayhaveto re-assignthegoalsof anumberof previouslydeployed
nodes,changingtheir statefrom deployedto active.

� Execution.Active nodesaredeployedsequentiallyto their goal locations.Thestateof eachnode
is changedfrom active to deployeduponarrival at thegoal.

Thealgorithmiteratesthroughtheselection,assignmentandexecutionphases,terminatingonly when
all nodeshavebeendeployed.

3.2. SELECTION

Theselectionphasedeterminesthenext deploymentlocation,or goal.Ideally, thisgoalshouldmaximize
thecoveragemetricwhile simultaneouslysatisfyingthevisibility constraint.Unfortunately, thereis no
wayof determiningthe`optimal' goalapriori, notevenin agreedyor localsense.Sincewelackaprior
model,andmust insteadrely on senseddatafrom deployed nodes,our knowledgeof andreasoning
aboutthe environmentis necessarilyincomplete.The algorithmdescribedherethereforeavoids such
reasoningaltogether, and insteadusesa numberof relatively simple goal selectionpolicies, eachof
which reliesonheuristicsto guidetheselectionprocess.

As a �rst step,sensordatafrom thedeployednodesarecombinedto form anoccupancygrid (Elfes,
1987;Elfes, 1990).Eachcell in this grid is assignedoneof threestates:free, occupiedor unknown.
A cell is free if it is known to containno obstacles,occupiedif it is known to containoneor more
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obstacles,andunknownotherwise.WeuseastandardBayesiantechnique(Elfes,1990)to determinethe
probability thateachcell is occupied,thenthresholdthisprobabilityto determinethestateof eachcell.

In thecombinedoccupancy grid, any cell thatcanbeseenby oneor morenodeswill bemarkedas
eitherfreeor occupied;only thosecells thatcannotbeseenby anynodewill markedasunknown. We
canthereforeensurethatthevisibility constraintis satis�edby alwaysselectinggoalsthatlie somewhere
in freespace.Not all freespacecells representvalid deploymentlocations,however: sincenodeshave
�nite size,they cannotbeplacednearcellsthatareeitheroccupiedor unknown (unknown cellsmayturn
out to beoccupied).Theremayalsoexist freecellsthatarefar from bothoccupiedandunknown cells,
but areneverthelessunreachable:anodemay, for example,beableto seefreespacethroughanopening
that is too narrow to allow passage.To facilitatethis kind of analysis,we post-processthe occupancy
grid to form bothacon�gurationgrid anda reachability grid.

As the namesuggests,the con�guration grid is a representationof the nodes'con�guration space
(Lozano-PerezandMason,1984).Eachcell in thecon�gurationgrid canhave oneof threestates:free,
occupiedandunknown. A cell is freeif andonly if all theoccupancy grid cells lying within a certain
distanced are also free (the distanced is usually set to a value greaterthan or equalto the node's
radius).A cell is occupiedif thereareoneor moretheoccupancy grid cellslying within distanced that
aresimilarly occupied.All othercellsaremarkedasunknown. A nodecanbesafelyplacedat any free
cell in thecon�gurationgrid. To determinewhethersuchacell is alsoreachable, we furtherprocessthe
con�gurationgrid.This is doneby applyinga�ood-�ll algorithmto freespacein thecon�gurationgrid,
startingfrom thelocationof eachdeployednodein turn.Cellsin theresultantreachabilitygrid arethus
labeledaseitherreachableor unreachable.

Figure1 shows an exampleof the occupancy, con�guration andreachabilitygrids generatedfor a
singlenodein a simulatedenvironment.Notethatthesetof reachablecellsis a subsetof thesetof free
con�gurationcells,which is in turnasubsetof thesetof freeoccupancy cells.Thus,by selectingagoal
that lies within reachablespace,we simultaneouslyensurethat thedeploying nodewill bevisible to at
leastoneothernode,thatit will notbein collisionwith theenvironment,andthatthereexistssomepath
suchthatthenodecanreachthegoal.

Having determinedthe reachabilityspace,the selectionalgorithmmakesuseof two heuristicsto
guidethe�nal goalselection:a boundaryheuristicanda coverage heuristic.Both heuristicsoperateon
thereachabilitygrid. Theboundaryheuristicstatesthatnodesshoulddeploy to theboundarybetween
reachableand unreachablespace;this heuristiceffectively minimizes the overlap betweenadjacent
sensory�eld by placing the nodesas far apartas possible.The coverageheuristicstatesthat nodes
shoulddeploy to the (reachable)location from which they will cover the greatestareaof presently
unknown space(in theoccupancy grid). Thisheuristicseeksto placenodesat thelocationatwhichthey
have thegreatestpotentialto increasethecoveragearea,giventhatwe make theoptimisticassumption
thatall unknown areasare,in fact,freespace.Thereis no guaranteethat this assumptionis correct,of
course:thenodemaydeploy to a locationthatappearsto cover a largeareaof unknown space,only to
�nd thatit hasdeployeditself into acloset.

In andof themselves,theseheuristicsdonotnecessarilyspecifyauniquegoal.They can,however, be
incorporatedinto anumberof uniquegoalselectionpolicies. Wehave implementedfour suchpolicies:

� P1: randomlyselecta locationin reachablespace.

� P2: randomlyselecta locationon thereachable/unreachableboundary.
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(a) (b)

Figure 2. (a) A typical obstructionproblem,with a waiting nodeunableto reachits deployment location.The gray area
indicatesthe region of spacethat is not yet coveredby the network. (b) The obstructionis resolved by re-assigningthe
deploymentlocationto anothernode.

� P3: selectthereachablespacelocationthatmaximizesthecoverageheuristic.

� P4: selectthereachable/unreachableboundarylocationthatmaximizesthecoverageheuristic.

Thesepoliciesexpressall possiblecombinationsof the two heuristics,including the `control' casein
which neitherheuristicis used(policy P1).The�rst two policesarestochastic,while thelattertwo are
deterministic.NotealsothatP4is aspecialcaseof P3:it is includedpartly for completeness,andpartly
becauseit canbecomputedmuchmorerapidly thanP3.In Section4, wewill comparetheperformance
of thesefour policiesin anexperimentalcontext, andattemptto determinetherelative contributionsof
theunderlyingheuristics.

3.3. ASSIGNMENT

The assignmentphaseof the algorithmattemptsto assignthe newly selectedgoal to a waiting node.
Thisprocessis complicatedby thefactthatnodesmay�nd themselvesunableto reachsomepartsof the
environmentdueto obstructionby previously deployednodes.Suchobstructionbecomesincreasingly
likely asthesizeof thenodesapproachesthesizeof openingsin theenvironment.Thereis, fortunately,
averynaturalsolutionto thisproblemthatexploitsthehomogeneityof thenetwork nodes:anobstructed
nodemay swap goalswith the nodeobstructingit. Thus,if nodeA is obstructedby nodeB , nodeB
canmove to A's deploymentlocation,while A replacesB at its originaldeploymentlocation.Sinceall
nodesareassumedto beequivalent,this goal-swappingmakesno functionaldifferenceto thenetwork.
For complex environments,with many obstructions,this resolutionstrategy may needto be applied
recursively: A replacesB , B replacesC, C replacesD andsoon.

The assignmentphaseusesa slightly modi�ed versionof this procedurethat avoids the needto
directly infer whichnodesareobstructingwhichothernodes.Thealgorithmis asfollows.

� Constructa graphin which eachvertex representsa network nodeand eachedgerepresentsa
reachabilityrelationshipbetweentwo nodes(i.e. nodeA can reachnodeB's position,andvise
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versa).The lengthof eachedgecorrespondsto the distancebetweenthe nodes,and the goal is
representedby adummyvertex.

� Find theshortestpathfrom awaitingnodeto thegoal.Thelengthof any paththroughthegraphis
givenby thesumof edgelengths,andtheshortestpathis foundusingDijkstra'salgorithm.

� Mark every nodeon the shortestpath as active, and assigneachnodethe goal of reachingthe
positioncurrentlyoccupiedby thenext nodealongthepath.

This algorithm is illustrated in Figure 2, which shows a proto-typicalgraphwith the shortestpath
highlighted.Note that while it is not strictly necessaryfor all of the nodeson this pathto move, the
potentialobstructionhasbeenresolved.Notealsothatwhile any numberof deployedrobotsmaychange
locations,thesequenceof movementsalway terminatesin thedeploymentof exactlyonewaiting robot.

The assignmentalgorithm requiresthat we determinethe reachabilityrelationshipand distance
betweenn(n � 1)=2 pairs of nodes.In principle, this requiresthat we generatea plan for reaching
every nodefrom every othernode.In practice,we cansimplify this processby generatinga unique
distancetransform(Zelinksy, 1992)for eachnode.Thedistancetransformis generatedusingavariantof
Dijkstra'salgorithm(Dijkstra,1959):distancesarepropagatedoutfrom thegoalnode,travelingthrough
free con�guration spaceandaroundoccupiedor unknown cells.Ultimately, a distanceis assignedto
eachcell from which the nodecanbe reached.The graphis constructedby simply readingoff these
distances.

The assignmentalgorithm describedabove producessomeinterestingbehavior: the network will
tendto `ooze' out from its startinglocation,with many nodesbeingactive at any givenpoint in time.
In addition,asthenodesspreadthroughouttheenvironment,thesamenodeswill tendto remainon the
edgeof the network. It possible,of course,to designdifferentassignmentalgorithmswhich generate
quite differentbehavior (suchas`leap-frog' or `boundingoverwatch'); suchalgorithmsare,however,
beyondthescopeof thispaper.

3.4. EXECUTION

Duringtheexecutionphase,activenodesaredeployedto theirgoallocations.Nodesaredeployedusing
sequentialexecution;i.e.,wewait for eachnodeto reachits goalbeforedeploying thenext node.Active
nodesaredeployedin theorderin which they wereassignedgoals:the�rst nodewill move to thenew
deployment location,the secondwill move to take up the �rst node's old location,andso on. Since
thereis only onenodein motion at any given point in time, andsincethe goal assignmentalgorithm
ensuresthateachsuccessivegoalis unobstructed,thereis nopossibilityfor interferencebetweennodes.
Sequentialexecutionis, however, quiteslow: executiontime is proportionalto thesumof thedistances
traveledby theactive nodes,which is, in turn,equalto thedistancea singlenodewould have to travel
if therewereno obstructions.As theareacoveredby thedeployednetwork becomeslarger, nodeswill
havefartherto travel,andhenceweexpectthatexecutiontimewill increasewith thenumberof deployed
nodes.

Note that therearealternativesto sequentialexecution:if we assumethatnodesareequippedwith
somemechanismfor resolvinginterference,wecanuseconcurrentexecution,in whichall activenodes
aresetin motionat thesametime.With someappropriatemodi�cationsto theassignmentphaseof the
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(a) (b)

Figure3. (a)A fragmentof thesimulatedenvironment.(b) Occupancy grid producedby atypicaldeployment(policy P4with
asensorrangeof 4m).

algorithm,it is possible,in principle,to createanoverall algorithmin whichexecutiontime is constant,
irrespectiveof network size.This topic is, unfortunately, beyondthescopeof thispaper.

4. Experimentsand Analysis

Wehaveconductedaseriesof simulationexperimentsaimedatdeterminingtheempiricalpropertiesof
theincrementaldeploymentalgorithm.Two metricsareof particularinterest:coverage(theareacovered
by thenetwork) andtime (bothcomputationandexecution).In bothcases,we areinterestednot only
in the speci�c propertiesof the 50-nodenetwork usedin theseexperiments,but also in the implied
scalingpropertiesof the algorithm.That is, basedon theseexperiments,we would like to understand
theconsequencesof increasingthenetwork sizeinto therangeof hundredsor thousandsof nodes.

Our experimentswereconductedusingthePlayerrobotserver (Gerkey et al., 2001)in combination
with theStagemulti-agentsimulator(Vaughan,2000).Stagesimulatesthebehavior of realsensorsand
actuatorswith a high degreeof �delity; algorithmsdevelopedusingStagecanusuallybetransferredto
real hardwarewith little or no modi�cation. The sensornetwork for theseexperimentconsistedof 50
nodes,eachequippedwith a 360 degreescanninglaserrange�nder mountedon a differentialmobile
robot base.Eachnodewas also equippedwith an `ideal' localizationsensorthat provides accurate
positionandorientationinformation.The simulatednodeswereplacedin the environmentshown in
Figure3; this is a fragmentof amuchlargerenvironmentrepresentingasingle�oor in a largehospital.

We conducteda large setof trials, varying for eachtrial the selectionpolicy, startinglocationand
sensorrange.Startinglocationswerechosenfrom asetof 10pre-selectedpoints;sensorrangewastaken
to be2, 4, 6 or 8m.For thestochasticpoliciesP1andP2,10trialswereconductedfor eachcombination
of initial locationandsensorrange(atotalof 400trialsfor eachpolicy). For thedeterministicpoliciesP3
andP4,a singletrial wasconductedfrom eachcombinationof initial locationandsensorrange(a total
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Figure4. Network coveragefor selectionpoliciesP1to P4;thesensorrangeis 4m.Notethatmostof theerrorbarshavebeen
suppressedfor thesakeof clarity.

TableI. Coveragefactorsfor selectionpoliciesP1to P4with a sensorrange
of 2, 4, 6 and8m.

Range

Policy 2m 4m 6m 8m

P1 1:50 � 0:07 4:01 � 0:20 6:07 � 0:42 7:48 � 0:39

P2 3:63 � 0:04 10:56 � 0:13 14:30 � 0:31 15:68 � 0:40

P3 4:86 � 0:05 13:31 � 0:11 18:40 � 0:38 19:33 � 0:48

P4 4:86 � 0:05 13:42 � 0:09 18:20 � 0:38 19:30 � 0:48

Greedy 5:71 � 0:03 17:01 � 0:11 24:65 � 0:44 27:14 � 0:88

of 40 trials for eachpolicy). In eachtrial, we measurednetwork coverage,computationandexecution
time.

4.1. COVERAGE

Figure4 shows a plot of network coverageasa function of the numberof deployed nodes.Coverage
is measuredby countingthe numberof free cells in the occupancy grid andmultiplying by the area
coveredby eachcell. The �gure shows the resultsfor eachpolicy, averagedover all initial locations;
the sensorrangeis 4m. The varianceis indicatedby the error bars(mostof which have beenomitted
for clarity). Inspectingtheseplots, it is apparentthat coverageincreaseslinearly with the numberof
deployednodes,irrespective of theselectionpolicy. It is alsoclearthat theselectionpoliciesP2to P4,
which make useof theheuristicsdescribedin Section3.2,performsigni�cantly betterthanpolicy P1,
which is thecontrolcase(i.e., randomdeployment).
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We canmake this comparisonmorepreciseby de�ning, for eachpolicy, a coverage factor � that
measuresthe averagearea`covered' by eachnode.That is, � is suchthat the total network coverage
is approximatelyequalto � n + � , wheren is thenumberof deployednodesand� is someconstant.
TableI lists thecoveragefactorsfor sixteendifferentcombinationsof selectionpolicy andsensorrange
(determinedusinglinearregression).It shouldbenotedthatthesevaluesaremeaningfulonly whenthe
total coverageareais muchlessthanthe total areaof the environment.In any boundedenvironment,
network coveragemusteventuallysaturate,andboundaryeffectsarelikely to introducesigni�cant non-
linearities.In our experiments,the environmentwas very large and boundaryeffects have minimal
impact(althoughonecanpossiblyseethestartof sucheffectsin someof thecoverageplots in Figure
4).

Inspectingthevaluesin TableI, it is apparentthat the threegoalselectionpoliciesthat incorporate
oneor moreof the heuristicsdescribedin Section3.2 (policiesP2 to P4) performsigni�cantly better
thanthe control case(policy P1).PoliciesP3 andP4, in fact,producean almost3-fold improvement
over simple randomdeployment. It is also apparentthat most of this improvementcan be achieved
using the boundaryheuristicalone:policy P2 (which usesonly the boundaryheuristic)is almostas
goodaspolicy P3(whichusesonly thecoverageheuristic).Furthermore,policiesP3andP4arealmost
indistinguishable,suggestingthat thecoverageheuristicwill, in almostall situations,deploy nodesto
thereachable/unreachableboundary. Thus,it makessenseto usepolicy P4in preferenceto P3,sincethe
latter requiresmuchmoretime to computeandproducesnegligible improvementin network coverage
(wewill look atexactlyhow muchmoretimeP3requiresin thenext section).

Comparingthe coveragefactorsobtainedusingdifferentsensorrangesis alsoilluminating, not so
muchfor whatit tellsusaboutthealgorithm, but for whatit tellsusabouttheenvironment. Naively, one
would expectnetwork coverageto increaseasthesquareof thesensorrange,sincedoublingtherange
of asinglesensorwill quadrupleits coveragearea.In a realenvironment,of course,thingsarenotquite
sosimple:occlusions,not sensorrange,will dominatetheplacementof nodes.InspectingTableI, we
canseethatthereis signi�cant improvementin coverageasoneincreasessensorrangefrom 2m to 6m,
but minimal improvementthereafter. This is true for all four selectionpolicies.For this environment,
6m appearsto be a `characteristiclength': this distancemay, for example,correspondto the average
distancebetweendoorways,or to theaveragesizeof a room.It would beinterestingto conductfurther
experimentsin different environments,in an attemptto correlatecoveragefactorswith environment
structure.

Ideally, we would like to comparethesecoverageresultsagainsttheoptimalvalue,i.e., thegreatest
possiblecoveragethat canbe obtainedfor a network that satis�es the visibility constraint.Naturally,
whendeterminingtheoptimalcoverage,we assumethatwe have a perfecta priori modelof theenvi-
ronment.Evenso,determiningtheoptimalcoverageis extremelydif�cult, sinceit necessitatesasearch
over thespacethespaceof all possiblenetworks.This spaceis vast.Considera network of n nodesin
anenvironmentof areaA. If wediscretizethisenvironmentinto locationsthataredistanceD apart,the
total numberof possiblenetworks is (A=D 2 )!

n!(A=D 2 � n)! (not all of which will satisfythevisibility constraint,

of course).For a relatively small network with n = 10, A = 100m2 andD = 0:1m, the numberof
possiblenetworksis around1040. Clearly, a bruteforcesearchof this spaceis impractical.While there
may exist closedform solutionsor goodapproximationsfor this problem(it is, for example,similar
to the art gallery problem(O'Rourke, 1987)),we are not aware of any suchsolutionsat this time.
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Figure5. Selectiontime(CPU)for policiesP1to P4.Thescaleis log-log.Mostof theerrorbarshavebeensuppressedfor the
sakeof clarity.

Therefore,insteadof comparingour resultswith the optimal solution,we insteadcomparethemwith
the bestgreedysolution.The greedysolution is obtainedby constructingthe network incrementally,
choosingfor eachnodethe location that producesthe greatestcoverage.The greedysolution is, in
addition,a fairertestfor ouralgorithm:it representsthebestresultthatcanbeexpectedfor any form of
incrementaldeploymentalgorithm.

We generatethe greedysolution using the simulatorand a modi�ed form of the incrementalde-
ploymentalgorithm.For eachnode,we �rst computethe reachabilitygrid, then`teleport' thenodeto
every reachablecell in succession.At eachlocation,we measurethenetwork coverage.At theendof
this processes,thenodeis teleportedbackto the locationthatproducesthegreatestcoverage,andthe
processis repeatedfor thenext node.

TableI shows thecoveragefactorsfor thegreedysolution.Notethat thefactorsfor policiesP3and
P4arewithin 70%to 80%of thegreedyvalues:this suggeststhatour heuristicsarevery goodindeed,
andthatourpoliciesareasgoodasthey arelikely to getfor amodel-freealgorithm.

4.2. TIME

Figure5 shows themeasuredcomputationtime for theselectionphaseof thealgorithm,plottedagainst
thenumberof deployednodes(notethat this is a log-log scale).Thefour selectionpoliciesareplotted
separately, with eachplot representinganaverageoverall initial locations.Thesensorrangein all cases
is 4m.Notethatall four plotsbecomelinearasthenumberof deployednodesn increases:this implies
thatcomputationtime is apolynomialfunctionof thenumberof deployednodes.If weassumethatthis
functionhasahigh-ordertermof theform bna, wecancharacterizeeachpolicy in termsof its exponent
a andcoef�cient b. TableII lists thea andb valuesfor policesP1to P4.Thesevalueswerecalculated
usinglinearregressionin log-logspace,usingonly thelast30datapointsfor eachpolicy (wearetrying
to capturethehighest-ordertermonly).
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Table II. Time constantsfor the threephasesof the algorithm.Time is assumedto be a polynomial
functionof thenumberof deployednodesn, with ahigh-ordertermof theform bna .

Selection Assignment Execution

Policy a b a b a b

P1 0:30 � 0:00 0:52 � 0:01 1:82 � 0:02 0:01 � 0:00 0:91 � 0:09 0:77 � 0:24

P2 0:31 � 0:00 0:50 � 0:01 1:80 � 0:01 0:01 � 0:00 0:77 � 0:08 2:05 � 0:60

P3 0:79 � 0:02 11:33 � 0:92 1:86 � 0:01 0:01 � 0:00 0:51 � 0:10 2:22 � 0:79

P4 0:24 � 0:04 2:66 � 0:43 1:86 � 0:01 0:01 � 0:00 0:50 � 0:11 2:41 � 0:98

Inspectingthis table,two resultsareimmediatelyapparent.First, andmostimportant,theselection
time scalessub-linearlywith the numberof deployed nodes(the exponenta for all policies is less
than1). This resultconformsonly partially to our theoreticalexpectations.Theselectionphaseof the
algorithmcanbebrokeninto two parts:mapgenerationandpolicy application.For mapgeneration,data
from eachnodeareaddedto theoccupancy grid sequentiallyandindependently;hencewe expectmap
generationto scalelinearly. For policy application,thecomputationtime is dependenton theparticular
selectionpolicy used:for policiesusingtheboundaryheuristic,computationtime will beproportional
to the free/unknown boundarylength;for policiesusingthecoverageheuristic,computationtime will
beproportionalto the freespacearea.If we assumethatbothboundarylengthandfreespaceareaare
proportionalto thenumberof deployednodes,computationtime for policy applicationwill alsoscale
linearly. Wethereforeattributethesub-linearresultsin TableII to acombinationof two factors:selection
time is dominatedby policy applicationratherthanmapgeneration,andour assumptionthatboundary
length scaleslinearly with the numberof deployed nodesis most probablyincorrect.If we were to
increasethe numberof nodesin theseexperiments,we expect that mapgenerationwould ultimately
dominate,andthata wouldsubsequentlyapproach1.

The secondresult to note from Table II is that policy P4, which is almostindistinguishablefrom
P3 in termsof coverage,is about4 timesfaster(considerthe coef�cient b); this con�rms our earlier
conclusionthatP4should,in general,beusedin preferenceto P3.

Figure6 shows themeasuredcomputationtime for theassignmentphaseof thealgorithm(on a log-
log plot). Thefour selectionpoliciesareplottedseparately, with eachplot representinganaverageover
all initial locations;the sensorrangein all casesis 4m. Theseplots areclearly linear, suggestingthat
computationtime for the selectionphaseis a polynomial function of the numberof deployed nodes.
TableII lists thea andbvaluesfor theassignmentphase:it is apparentthatthisphasescalesasn2 in the
numberof deployednodesn. This conformsexactly to our theoreticalexpectations:duringthis phase,
wegeneraten separatedistancetransforms,thecomputationtimefor eachof whichscaleslinearlywith
thefreespacearea.Sincethefreespaceareaalsoscaleslinearly with n (asshown in Section4.1), the
assignmentphasewill necessarilyscaleasn � n = n2.

Note that,wewould ideally prefer this phaseof the algorithm to scalelinearly or better;we are
actively seekingalternativeassignmentalgorithmswith thisproperty.

Figure7 showsthewall-clocktime(i.e.,theelapsedrealtime,notCPUtime) for theexecutionphase
of thealgorithm(plottedonalog-logscale).Thefour selectionpoliciesareplottedseparately, with each
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Figure 6. Assignmenttime (CPU)for policiesP1to P4.Thescaleis log-log.Most of theerrorbarshave beensuppressedfor
thesakeof clarity.
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Figure7. Executiontime (wall-clock) for policiesP1to P4.Thescaleis log-log.Mostof theerrorbarshavebeensuppressed
for thesakeof clarity.

plot representinganaverageover all initial locations.Thesensorrangein all casesis 4m. While there
is clearly a greatdealof variancein the deploymenttime, the generaltrendin all four plots is linear,
suggestingonceagain thatexecutiontime is a polynomialfunctionof thenumberof deployednodes.
TableII lists thea andbvaluesfor theexecutionphase;inspectingthea values,it is apparentthatwhile
theexecutiontime for policy P1scalesmore-or-lesslinearly with thenumberof deployednodesn, the
remainingpoliciesscalesub-linearly.

Theseresultsareintriguing,but notentirelyunexpected.With sequentialdeployment,executiontime
is proportionalto thesumof thedistancestraveledby theactive nodes,which is, in turn, equalto the
distancethat would be traveledby a singlenodein an obstruction-freeenvironment.For the random
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deploymentpolicy P1,weexpectthatthisdistancewill scalelinearlywith thefreespaceareaandhence
with thenumberof deployednodes.For theremainingselectionpolicies,which seekto placenodeson
thefree-spaceboundary(eitherexplicitly, asin thecaseof P2andP4,or implicitly, asin thecaseof P3),
the scalingpropertieswill dependon the natureof the environment.If, for example,the environment
consistsof a single corridor which can only �t one nodeabreast,the distanceto the boundarywill
scalelinearly with thefreespacearea.If, on theotherhand,theenvironmentis completelyempty, the
distancetraveledwill scaleas the square-root of the free spacearea.The resultsin Table II suggest
that,for policiesP3andP4,thisenvironmentis effectively `empty' (i.e., thesepoliciesscaleasn

1
2 ). For

policy P1,on theotherhand,theenvironmentis only partiallyempty.
Ideally, we would like executiontime to beconstantratherthanlinearor n

1
2 . Considerthenetwork

coveragerate, i.e., thechangein coverageasa functionof wall-clock time. If executiontime is linear,
this rate will necessarilydecreaseas the numberof deployed nodesgrows; network coveragewill
thereforeincreaseonly logarithmically with time. Linear growth in coveragecanonly be achieved if
executiontime is constant,which implies that someform of concurrentexecutionmustbe used(i.e.,
many nodesmustmoveat thesametime).As notedin Section3.4,concurrentexecutionrequiresamore
advancedassignmentalgorithm,togetherwith someform of interferenceresolutionstrategy. While we
areactively researchingthesetopics,they are,unfortunately, beyondthescopeof thispaper.

4.3. DISCUSSION

Theexperimentsdescribedabove clearlyestablishtheutility of the incrementaldeploymentalgorithm
andtheheuristicsonwhichit is based.Thecoveragevaluesfor policiesP3andP4arebetween70%and
85%of thevalueobtainedfor a model-basedgreedyalgorithm.Thealgorithmscalesasa polynomial
function of the numberof deployed nodes,andis in the worst caseof ordern2. On a practicalnote,
we have alsodemonstratedthat the algorithmcanhandlea large numberof nodes(50) usingmodest
computationalresources:oursimulationswereperformedin real-timeonasingleworkstation.

The key weaknessof theseexperimentsis, of course,their relianceon an idealizedlocalization
system,in which theposeof eachnodeis accuratelydetermined.With morerealisticlocalization,we
expect the algorithm's performanceto degrade:poor estimatesfor the poseof individual nodeswill
resultin poorregistrationof rangedatain thecombinedoccupancy grid.Thiswill, in turn,resultin poor
selectionsfor deploymentlocationsand/orassignmentsequences.Wedo,however, expectthealgorithm
to degradegracefullyratherthancatastrophically, sinceit doesnot rely onprecisecoordinationbetween
nodes.Notealsothatin separateexperimentsonteamlocalization(Howardetal.,2002b;Howardetal.,
2002d)we have demonstratedtheability to accuratelylocalizethenodesin a mobilesensornetwork,
usingonly the nodesthemselvesaslandmarks,evenwhenall of the nodesare in continuousmotion.
Thus,we arehighly optimistic that thesetwo techniques– deploymentandteamlocalization– canbe
mergedinto anintegratedsystemthatexhibitsnear-optimalperformance.

5. Conclusionand Further Work

The incrementaldeploymentalgorithmdescribedin this papercanbe usedto deploy mobile sensor
networks into unknown environments.The algorithm will deploy nodessuchthat network coverage
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is maximizedwhile full line-of-sightconnectivity is maintained.Furthermore,the algorithmdoesnot
requireprior modelsof theenvironmentyet is ableto producecoverageresultsthatarecloseto those
obtainedusingagreedymodel-basedalgorithm.

In addition to the simulationresultsdescribedin Section4, we have also taken the �rst stepsto
demonstratingthe algorithmrunningon real hardwarein a real environment.The algorithmhasbeen
implementedandtestedon a four nodenetwork in a controlledenvironment(Howard et al., 2002a),
andwe arecurrentlypreparinga muchmoreambitiousexperimentinvolving up to 9 nodes.Thuswe
expectto demonstratetheutility of the incrementaldeploymentalgorithmfor realapplicationsin real
environments.
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