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Abstract. This paperdescribesnincrementadeploymentalgorithmfor mobile sensometworks. A mobile sensometwork

is adistributedcollectionof nodesgachof which hassensingcomputationcommunicatiorandlocomotioncapabilities.The

algorithmdescribedn this papemwill deploy suchnodesone-at-a-timento anunknavn ervironment,with eachnodemaking

useof informationgatheredby previously deployed nodesto determineits deploymentlocation. The algorithmis designed
to maximizenetwork “coverage'while simultaneoushensuringthatnodesretainline-of-sightrelationshipsvith oneanother

This latter constraintarisesfrom the needto localizethe nodesin an unknavn ernvironment:in our previous work on team
localization (Howard et al., 2002b)we have shavn how nodescanlocalize themselesby usingother nodesaslandmarks.
This paperdescribeghe incrementaldeploymentalgorithm and presentghe resultsfrom an extensve seriesof simulation
experimentsTheseexperimentssene to bothvalidatethealgorithmandilluminateits empiricalproperties.

Keywords: sensonetworks, deployment,multi-robotssystems.

1. Intr oduction

This paperdescribesnincrementatieploymentalgorithmfor mobilesensonetworks.A mobilesensor
network is composedof a distributed collection of nodes eachof which has sensing,computation,
communicatiorandlocomotioncapabilitieq(it is this latter capabilitythatdistinguishes mobilesensor
network from its morecornventionalstaticcousins) Locomotionfacilitatesa numberof usefulnetwork
capabilities,including the ability to self-deply andself-repair We ervisagethe useof mobile sensor
networks in applicationsranging from urban combatscenariogo search-and-rescugperationsand
emepgeng ervironmentmonitoring.Consideyfor example,a scenaridanvolving a hazardousnaterials
leakin an urbanernvironment.Metaphoricallyspeakingwe would like to throv a “bucket' of sensor
nodesinto a building throughawindow or doorway. Thenodesareequippedvith chemicalsensorsghat
allow themto detecttherelevanthazardousnaterial,anddeploy themselesthroughouthe building in
suchaway thatthey maximizethearea covered' by thesesensorsDatafrom the nodesaretransmitted
to a basestationlocatedsafely outsidethe building, wherethey are assembledo form a live map
shawving the concentratiorof hazardougompoundsvithin the building.

For the sensometwork to be usefulin this scenariothe locationof eachnodemustbe determined.
In urbanenvironments,accuratelocalizationusing GPSis generallynot possible(due occlusionsor
multi-patheffects),while landmark-basedpproachesequireprior modelsof the environmentthatmay
be eitherunavailable,incompleteor inaccurateThis is particularlytruein disasterscenariosyerethe
environmentmay have undegonerecent(and unplanned)structuralmodi cations. Fortunately aswe
haverecentlyshavn (Howardetal.,2002b;Howardetal.,2002d),it is possibleo determinghelocation
of network nodesby usingthe nodesghemselveaslandmarksThis particulartechniquedoes however,
requirethatnodesmaintainline-of-sightrelationshipsvith oneanotherConsequentlyin this paperwe
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demandhatnodesshoulddeploy in suchaway thatthey maximizethe area covered' by the network,
while simultaneouslensuringhateachnodecanbe seerby atleastoneothernode.

The deploymentalgorithm describedn this paperis both incrementaland greedy Nodesare de-
ployed one-at-a-timewith eachnode making use of datagatheredfrom previously deplo/ed nodes
to determineits optimal deploymentlocation. The algorithmis greedyin the sensehatit attemptsto
determinefor eachnode thelocationthatwill producethe maximumincreasen thenetwork coverage.
Unfortunately aswe shav in Section3.2, determiningthe optimal placemen{evenin a greedysense)
is afundamentallydif cult problem.Thedeploymentalgorithmdescribedn this paperthereforerelies
onanumberof heuristicgo guidethe selectionof deploymentlocations.

We have conductedan extensie seriesof simulationexperimentsaimedat characterizinghe per
formanceof theincrementatleploymentalgorithm.Theseexperimentddemonstratéhatour algorithm,
which is modelfree, achieses coverageresultsthat are closeto thoseobtainedusing a model-based
greedyalgorithm. Theseexperimentsalso establishthat the computationtime for the algorithmis a
polynomialfunctionof ordern? in the numberof deployednodes.

2. RelatedWork

The conceptof coverage asa paradigmfor evaluatingmulti-robot systemswvasintroducedby (Gage,
1992).Gagede nesthreebasictypesof coverage blanket coveragewherethe objective is to achiere a
staticarrangementf nodeghatmaximizeghetotaldetectiorareaparriercoveragewheretheobjective
is to minimizethe probability of undetecteghenetratiorthroughthe barrier;andsweepcoveragewhich
is more-orlessequivalentto a moving barrier Accordingto this taxonomy the algorithmdescribedn
this paperis a blanket coveragealgorithm.

The problemof exploration and map-huilding by a single robot in an unknavn ervironmenthas
beenconsideredy a numberof authorgYamauchi,1997;Yamauchietal., 1998;Zelinksy, 1992).The
frontierbasedapproachdescribedn (Yamauchil997;Yamauchietal., 1998)is particularlypertinent:
this exploration algorithm proceedsby incrementallybuilding a global occupang map of the ervi-
ronment,which is thenanalyzedto nd the “frontiers' betweenfree and unknovn space.The robot
is directedto the nearestsuch frontier. The network deployment algorithm describedin this paper
sharesa numberof similaritieswith Yamauchis algorithm:we alsobuild a global occupang grid of
the ervironmentand direct nodesto the frontier betweenfree and unknovn space.However, in our
deploymentalgorithmthe mapis built entirelyfrom live, ratherthanstored,sensorydata.We mustalso
satisfyanadditionalconstraintthateachnodemustbevisible to atleastoneothernode.

Multi-robot exploration and map-tuilding hasbeenexplored by a numberof authors(Dedeoglu
and Sukhatme2000; Rekleitiset al., 2000; Thrun et al., 2000; Simmonset al., 2000; Burgard et al.,
2000;Lbpez-Sncheztal., 1998)who usea variety of techniquesangingfrom topologicalmatching
(Dedeogluand Sukhatme 2000) to fuzzy inference(L bpez-&nchezet al., 1998) and particle Iters
(Thrun et al., 2001). Onceagain, thereare two key differenceshetweentheseearlier works and the
work describedn this paper:our mapsarebuilt entirely from live, not stored,sensorydata,and our
deploymentalgorithm mustsatisfy an 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 one shouldnot only explore the
boundaryof known spaceput thatoneshouldalsobiasthe explorationtowardsregionsin which arobot
is likely to uncover large areasof previously unknavn space Burgard describesin adaptve algorithm
for makingestimate®f theseotherwiseunpredictableuantities.

A distributed algorithmfor the deployment of mobile robot teamshasbeendescribedby (Payton
etal., 2001).Paytonintroduceghe conceptof "virtual pheromones'localizedmessagethat are emit-
ted by onerobot and detectedby nearbyrobots. Virtual pheromonegan be usedto generateeither
‘gasexpansion’or "guidedgrowth’ deploymentmodels.The key advantageof this approactis thatthe
deplgymentalgorithmis entirely distributed,and hasthe potentialto responddynamicallyto changes
in theervironment.This algorithmdoes however, leadto relatively slow deployment;it is alsounclear
from thepublishedesults how effective thisalgorithmis at producinggoodareacoverage A somevhat
similar algorithmbasedon arti cial potential elds is describedn (Howardetal., 2002c).

Thedeploymentproblemdescribedhereis similarto thatdescribedy (Bulusuetal.,2001),whocon-
siderthe problemof adaptve beacomplacementor localizationin large-scalavirelesssensonetworks.
Thesenetworksrely on RF-intensityinformationto determinethelocationof nodesappropriatelace-
mentof RF-beaconss thereforeof critical importance.The authorsdescribean empirical algorithm
thatadaptvely determineshe optimal beacorlocations.In a somevhat similar vein, (Win eld, 2000)
considerghe problemof distributedsensingn anad-hocwirelessnetwork. Nodesareintroducedinto
the ervironmenten masseandallowedto disperseusinga random-valk algorithm.Nodesareassumed
to have a limited communicatiorrange,andthe ervironmentis assumedo be sufciently large such
that full network connectvity cannotbe maintained Hencethe network relieson continuousrandom
motionto bring nodesinto contactandtherebypropa@teinformationto the edgesof the network. Our
work differsfrom thatdescribedy theseauthordan anumberof signi cant ways.WhereasothBulusu
andWin eld areconcernecnly with sensorrange we assumehat network nodesare equippedwith
sensorshatrequireline-of-sightto operatgsuchascamera®r laserange- nders) Unlike Win eld, our
deplgymentalgorithmis speci cally designedo presere line-of-sightnetwork connectvity, andaims
to producecontrolleddeploymentatherthanrandomdiffusion Finally, unlike Bulusu,our algorithmis
incrementakatherthanadaptive oncenodesaredeployed,they do not changdocation.

A mobile sensometwork canalsobe viewed asa large-scalanobile robot formation. Suchforma-
tions have beenstudiedby a numberof authors(Balch and Hybinette,2000; Fredslundand Mataric,
2001; Scheideret al., 2000), all of whom describemethodsfor creatingand maintainingformations
via local interactionsbetweerrobots.In this researchinteractionwith the ervironmentis of secondary
importanceto interactionbetweerthe robotsthemseles.In contrastthe work describedn this paper
emphasizemteractionwith ervironment,andattemptgo minimizeinteractionbetweemetwork nodes.

Finally, we notethatthe problemof deploymentis relatedto the traditionalart gallery problemin
computationagjeometry(O'Rourke, 1987).Theartgallery problemseekdo determinefor somepolyg-
onalervironment,the minimumnumberof camerashatcanbe placedsuchthatthe entireervironment
is obsened. While thereexist a numberof algorithmsdesignedo solwve the art gallery problem,all of
themassumdhatwe possesgoodprior modelsof the ervironment.In contrastwe assumehat prior
modelsof the ervironmentareeitherincomplete jnaccurateor non-eistent. The sensometwork must
thereforedeterminehe structureof the ervironmentempiricallyandincrementally
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3. The Incremental DeploymentAlgorithm

Thealgorithmdescribedereis anincrementadeploymentalgorithm:nodesaredeplojedoneatatime,
with eachnodemakinguseof informationgatheredby the previously deplojed nodesto determineits
ideal deploymentlocation. The algorithmaimsto maximizethe total network coverage, i.e. the total
areathatcanbe “seen'by the network. At the sametime, the algorithmmustensurethatthe visibility
constaint is satis ed;i.e. eachnodemustbevisible to atleastoneothernode.The algorithmrelieson
anumberof key assumptionsasfollows.

Homaeneousnodes:all nodesare assumedo be identical. We also assumethat eachnodeis
equippedwith arangesensoi(suchasalaserrange nder or sonararray),a broadcastommunications
device (suchaswirelessEthernet) andis mountedon someform of mobile platform.

Staticervironmenttheervironmentis assumedo be static,atleastto the extentthatgrosstopology
remainsunchangedvhile the network is deploying. We assumefor example,that opendoorsremain
open.Notethatthe deploymentprocesstself will modify the environment,sincedeployed nodeswill
bothoccludeandobstructoneanother

Model-free:thereareno prior modelsof theervironment.This algorithmis intendedor applications
in which ervironmentmodelsare unavailable;indeed,a key taskfor the network may be to geneate
suchmodels.

Full communicationwe assumehatall nodesin the network cancommunicatevith someremote
base-statioonwhichthedeploymentalgorithmis executed Notethatthis doesnotautomaticallymply
thatall nodeanustbewithin radiorangeof thebase-statiorthenodesmay, for example form anad-hoc
multi-hop network (Intanagonwivat etal., 2000).

Localization: we assumehat the poseof eachnodeis known in somearbitrary global coordinate
system.In our previous work on teamlocalization (Howard et al., 2002b;Howard et al., 2002d),we
have shavn how nodesmay be localizedusing only the measuredelationshipshetweenthem. This
techniquedoesnot require external landmarksor prior modelsof the ervironment,but doesrequire
thateachnodeis visible to at leastoneothernode.lt is this requirementhatgivesrise to thevisibility
constaint, i.e., eachnodemustbe visible to at leastoneothernodeat its deplo/edlocation.Note that
this constraintdoesnot necessarilymply thatnodesmustbevisible at all times we assumehatnodes
areequippedvith someform of odometryor inertial navigationthatallows themto localizethemseles
duringperiodswhenthey cannotbe seen.

We evaluatethe incrementaldeploymentalgorithmusingtwo performancemetrics:coverage, i.e.,
thetotal areavisible to the network's sensorsandtime, i.e., the total deploymenttime, including both
thetime takento performthe necessargomputationandthetime takento physically move the nodes.
Naturally, we wish to maximizethe coveragewhile minimizing the deploymenttime.

3.1. ALGORITHM OVERVIEW

Theincrementableploymentalgorithmhasfour phasesinitialization, selectionassignmenandexecu-
tion.

Initialization. Nodesareassignedne of threestates:waiting, active or deplg/ed As the names
suggesta waiting nodeis waiting to be deployed, an active nodeis in the processof deploying,
anda deplgrednodehasalreadybeendeplogyed. Initially, the stateof all nodesis setto waiting,
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Figurel. (a) A fragmentof the simulatedervironmentcontainingasinglenode.(b) Occupang grid: blackcellsareoccupied,
white cells arefree, gray cells areunknawvn. (¢) Con guration grid: black cells areoccupied white cells arefree, gray cells
areunknown. (d) Reachabilitygrid: white cellsarereachablegraycellsareunreachable.

with the exceptionof a singlenodethatis setto deplg/ed This nodeprovidesa startingpoint, or
“anchor',for the network, andis not subjectto thevisibility constraint.

Selection. Sensordata from the deplo/ed nodesis combinedto form a commonmap of the
ervironment.This mapis analyzedo selectthe deploymentlocation,or goal, for the next node.

Assignment.In the simplestcase the selectedyoal is assignedo a waiting node,andthe nodes
stateis changedrom waiting to active. More commonly assignments complicatedoy the fact
thatdeployed nodestendto obstructwaiting nodes necessitating more complex assignmenél-
gorithm.Thatis, thealgorithmmayhave to re-assigrthe goalsof anumberof previously deployed
nodeschangingtheir statefrom deplg/edto active.

Execution. Active nodesaredeployed sequentiallyto their goallocations.The stateof eachnode
is changedrom activeto deplgreduponarrival atthe goal.

The algorithmiteratesthroughthe selection assignmenénd executionphasesterminatingonly when
all nodeshave beendeployed.

3.2. SELECTION

Theselectiorphaseadetermineshenext deploymentlocation,or goal.ldeally, thisgoalshouldmaximize
the coveragemetricwhile simultaneoushgatisfyingthevisibility constraintUnfortunately thereis no
way of determiningthe “optimal' goalapriori, notevenin agreedyor local senseSincewe lack a prior
model,and mustinsteadrely on senseddatafrom deployed nodes,our knowledge of andreasoning
aboutthe ervironmentis necessarilyincomplete.The algorithm describecherethereforeavoids such
reasoningaltogetherand insteadusesa numberof relatively simple goal selectionpolicies eachof
whichrelieson heuristicsto guidethe selectionprocess.

As a rst step,sensodatafrom the deployjednodesarecombinedo form anoccupancyrid (Elfes,
1987; Elfes, 1990).Eachcell in this grid is assignedne of threestatesfree occupiedor unknown
A cell is freeif it is known to containno obstaclespccupiedif it is known to containone or more
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obstaclesandunknowrotherwise We usea standardBayesiartechniquegElfes,1990)to determinghe
probability thateachcell is occupiedthenthresholdhis probabilityto determinehe stateof eachcell.

In the combinedoccupanyg grid, ary cell thatcanbe seenby oneor morenodeswill be marked as
eitherfree or occupied;only thosecellsthatcannotbe seenby any nodewill marked asunknavn. We
canthereforeensurahatthevisibility constrainis satis edby alwaysselectinggoalsthatlie somevhere
in free spaceNot all free spacecellsrepresenvalid deploymentlocations,howvever: sincenodeshave
nite size,they cannotbeplacednearcellsthatareeitheroccupiedor unknavn (unknavn cellsmayturn
outto beoccupied) Theremayalsoexist free cellsthatarefar from both occupiedandunknavn cells,
but areneverthelessinreachableanodemay, for example beableto seefree spacehroughanopening
thatis too narrav to allow passageTo facilitatethis kind of analysiswe post-processhe occupang
grid to form bothacon guration grid andareadability grid.

As the namesuggeststhe con guration grid is a representatiof the nodes'con guration space
(Lozano-PereandMason,1984).Eachcell in the con guration grid canhave oneof threestatesfree
occupiedandunknown A cell is freeif andonly if all the occupang grid cellslying within a certain
distanced are also free (the distanced is usually setto a value greaterthan or equalto the nodes
radius).A cellis occupiedf thereareoneor morethe occupang grid cellslying within distanced that
aresimilarly occupied All othercellsaremarkedasunknown A nodecanbe safelyplacedatary free
cellin thecon gurationgrid. To determinevhethersuchacell is alsoreadable we furtherprocesshe
con gurationgrid. Thisis doneby applyinga ood- Il algorithmto freespacdn thecon gurationgrid,
startingfrom thelocationof eachdeployednodein turn. Cellsin theresultantreachabilitygrid arethus
labeledaseitherreatableor unreatable

Figure 1 shavs an exampleof the occupang, con guration andreachabilitygrids generatedor a
singlenodein a simulatedervironment.Notethatthe setof reachableellsis a subsebf the setof free
con gurationcells,whichis in turn asubsebf thesetof freeoccupang cells. Thus,by selectingagoal
thatlies within reachablespacewe simultaneoushensurethatthe deploying nodewill bevisible to at
leastoneothernode thatit will notbein collisionwith theenvironment,andthatthereexistssomepath
suchthatthenodecanreachthe goal.

Having determinedhe reachabilityspace the selectionalgorithm makes use of two heuristicsto
guidethe nal goalselection:aboundaryheuristicanda coverage heuristic.Both heuristicsoperateon
thereachabilitygrid. The boundaryheuristicstateshatnodesshoulddeplg to the boundarybetween
reachableand unreachablespace;this heuristic effectively minimizesthe overlap betweenadjacent
sensoryeld by placingthe nodesas far apartas possible.The coverageheuristic statesthat nodes
shoulddeploy to the (reachable)ocation from which they will cover the greatestareaof presently
unknawn spacdin theoccupang grid). This heuristicseekgo placenodesatthelocationatwhichthey
have the greatespotentialto increasehe coverageareagiventhatwe make the optimisticassumption
thatall unknavn areasare,in fact, free space Thereis no guaranteghatthis assumptioris correct,of
coursethe nodemaydeplg to alocationthatappeargo cover a large areaof unknavn spacepnly to

nd thatit hasdeployeditself into acloset.

In andof themseles,theseheuristicado notnecessarilgpecifyauniquegoal. They can,howvever, be
incorporatednto a numberof uniquegoal selectionpolicies We have implementedour suchpolicies:

P1: randomlyselectalocationin reachablespace.

P2: randomlyselectalocationon thereachable/unreachalideundary
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Figure 2. (a) A typical obstructionproblem,with a waiting node unableto reachits deploymentlocation. The gray area
indicatesthe region of spacethat is not yet coveredby the network. (b) The obstructionis resolhed by re-assigninghe
deploymentlocationto anothemode.

P3: selectthereachablespacdocationthatmaximizesthe coverageheuristic.
P4: selectthereachable/unreachaldieundarylocationthatmaximizesthe coverageheuristic.

Thesepoliciesexpressall possiblecombinationsof the two heuristics,including the “control' casein
which neitherheuristicis used(policy P1). The rst two policesarestochasticwhile the lattertwo are
deterministicNotealsothatP4is a specialcaseof P3:it is includedpartly for completenessndpartly
becausé canbecomputednuchmorerapidly thanP3.In Sectiond, we will comparehe performance
of thesefour policiesin anexperimentalkcontext, andattemptto determingherelative contrikutionsof
theunderlyingheuristics.

3.3. ASSIGNMENT

The assignmenphaseof the algorithmattemptsto assignthe newly selectedgoal to a waiting node.
This processs complicatedy thefactthatnodesmay nd themselesunableto reachsomepartsof the
environmentdueto obstructionby previously deployed nodes.Suchobstructionbecomesncreasingly
likely asthe sizeof thenodesapproachethe sizeof openingsn theernvironment.Thereis, fortunately
avery naturalsolutionto this problemthatexploitsthehomogeneityf thenetwork nodesanobstructed
nodemay swap goalswith the nodeaobstructingit. Thus,if nodeA is obstructedoy nodeB, nodeB
canmoveto A's deploymentlocation,while A replacesB atits original deploymentlocation.Sinceall
nodesareassumedo be equivalent,this goal-swappingmakesno functionaldifferenceto the network.
For complex ervironments,with mary obstructionsthis resolutionstrategly may needto be applied
recursvely: A replacesB, B replacesC, C replaceD andsoon.

The assignmenphaseusesa slightly modi ed versionof this procedurethat avoids the needto
directly infer which nodesareobstructingwhich othernodesThealgorithmis asfollows.

Constructa graphin which eachvertex representa network node and eachedgerepresentsa
reachabilityrelationshipbetweentwo nodes(i.e. node A canreachnodeB's position,and vise
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versa).The length of eachedgecorresponddo the distancebetweenthe nodes,andthe goal is
representetly adummyvertex.

Find the shortespathfrom awaiting nodeto thegoal. Thelengthof ary paththroughthe graphis
givenby thesumof edgelengths,andthe shortespathis foundusingDijkstra's algorithm.

Mark every nodeon the shortestpath as active, and assigneachnodethe goal of reachingthe
positioncurrentlyoccupiedby the next nodealongthe path.

This algorithmis illustratedin Figure 2, which shavs a proto-typical graphwith the shortestpath
highlighted.Note that while it is not strictly necessaryor all of the nodeson this pathto move, the
potentialobstructiorhasbeenresoled.Notealsothatwhile ary numberof deployedrobotsmaychange
locations the sequencef movementsalway terminatesn thedeploymentof exactly onewaiting robot.

The assignmenglgorithm requiresthat we determinethe reachabilityrelationshipand distance
betweenn(n  1)=2 pairsof nodes.In principle, this requiresthat we generatea plan for reaching
every nodefrom every othernode.In practice,we can simplify this processhy generatinga unique
distanceransform(Zelinksy, 1992)for eachnode Thedistancdransformis generatedisingavariantof
Dijkstra'salgorithm(Dijkstra, 1959):distancesrepropagtedoutfrom thegoalnode travelingthrough
free con guration spaceandaroundoccupiedor unknowvn cells. Ultimately, a distanceis assignedo
eachcell from which the nodecanbe reachedThe graphis constructedy simply readingoff these
distances.

The assignmentlgorithm describedabove producessomeinterestingbehaior: the network will
tendto “ooze'out from its startinglocation,with mary nodesbeingactive at ary given pointin time.
In addition,asthe nodesspreadhroughouthe ervironment,the samenodeswill tendto remainonthe
edgeof the network. It possible,of course to designdifferentassignmenalgorithmswhich generate
quite differentbehaior (suchasleap-frog' or “boundingoverwatch'); suchalgorithmsare, however,
beyondthe scopeof this paper

3.4. EXECUTION

During theexecutionphaseactive nodesaredeplo/edto their goallocations Nodesaredeplo/edusing
sequentiakxecution;i.e., we wait for eachnodeto reachits goalbeforedeplg/ing the next node Active
nodesaredeplo/edin the orderin which they wereassignedjoals:the rst nodewill move to the new
deploymentlocation, the secondwill move to take up the rst nodes old location,and so on. Since
thereis only onenodein motion at ary given pointin time, andsincethe goal assignmenalgorithm
ensureshateachsuccessie goalis unobstructedthereis no possibilityfor interferencéetweemodes.
Sequentiakxecutionis, however, quite slow: executiontime is proportionalto the sumof the distances
traveledby the active nodeswhichis, in turn, equalto the distancea singlenodewould have to travel
if therewereno obstructionsAs the areacoveredby the deployed network becomedarger, nodeswill
have fartherto travel, andhencewve expectthatexecutiontime will increasavith thenumberof deployed
nodes.

Note thattherearealternatvesto sequentiakxecution:if we assumehatnodesare equippedwith
somemechanisnior resolvinginterferencewe canuseconcurentexecution,in which all actve nodes
aresetin motionat the sametime. With someappropriatenodi cationsto theassignmenphaseof the
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Figure 3. (a) A fragmentof thesimulatedervironment.(b) Occupang grid produceddy atypical deployment(policy P4with
asensorangeof 4m).

algorithm,it is possiblejn principle,to createanoverall algorithmin which executiontime is constant,
irrespectve of network size. Thistopicis, unfortunatelybeyondthe scopeof this paper

4. Experimentsand Analysis

We have conducteda seriesof simulationexperimentsaimedat determininghe empiricalpropertiesof
theincrementateploymentalgorithm.Two metricsareof particularinterest.coveragetheareacovered
by the network) andtime (both computationandexecution).In both caseswe areinterestechot only
in the speci c propertiesof the 50-nodenetwork usedin theseexperiments but alsoin the implied
scalingpropertiesof the algorithm. Thatis, basedon theseexperimentswe would like to understand
the consequencesf increasinghe network sizeinto therangeof hundredsor thousandsf nodes.

Our experimentsvereconductediusingthe Playerrobotsener (Gerkey etal., 2001)in combination
with the Stagemulti-agentsimulator(Vaughan2000).Stagesimulateghe behaior of realsensorand
actuatorswith ahigh degreeof delity; algorithmsdevelopedusingStagecanusuallybetransferredo
real hardwarewith little or no modi cation. The sensometwork for theseexperimentconsistedf 50
nodes,eachequippedwith a 360 degreescanningaserrange nder mountedon a differentialmobile
robot base.Eachnodewas also equippedwith an “ideal' localization sensorthat provides accurate
position and orientationinformation. The simulatednodeswere placedin the ervironmentshavn in
Figure3; thisis afragmentof amuchlargerenvironmentrepresenting single oor in alarge hospital.

We conducteda large setof trials, varying for eachtrial the selectionpolicy, startinglocationand
sensorange Startinglocationswerechoserfrom asetof 10 pre-selecteg@oints;sensorangewastaken
tobe2, 4,6 or 8m. For thestochastigpoliciesP1andP2,10trials wereconductedor eachcombination
of initial locationandsensorange(atotal of 400trials for eachpolicy). For thedeterministigoliciesP3
andP4,asingletrial wasconductedrom eachcombinationof initial locationandsensorange(atotal
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Figure 4. Network coveragefor selectiorpoliciesP1to P4;thesensorangeis 4m. Notethatmostof the errorbarshave been
suppressetbr the sale of clarity.

Tablel. Coveragefactorsfor selectionpoliciesP1to P4with asensorange
of 2,4,6 and8m.

Range
Policy 2m 4m 6m 8m

P1 1:50 0:.07 401 020 6:07 042 748 0:39
P2 3:63 0:04 1056 0:13 1430 0:31 1568 040
P3 4:86 0:05 1331 011 1840 0:38 1933 0:48
P4 4:86 0:05 1342 009 1820 0:38 1930 0:48
Greedy 571 0:03 1701 0:11 2465 044 2714 0:88

of 40 trials for eachpolicy). In eachtrial, we measuredetwork coverage computatiorandexecution
time.

4.1. COVERAGE

Figure4 shows a plot of network coverageasa function of the numberof deployed nodes.Coverage
is measuredy countingthe numberof free cellsin the occupang grid and multiplying by the area
coveredby eachcell. The gure shaws 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 apparenthat coverageincreasesinearly with the numberof

deployed nodesi rrespectie of the selectionpolicy. It is alsoclearthatthe selectionpoliciesP2to P4,

which make useof the heuristicsdescribedn Section3.2, performsigni cantly betterthanpolicy P1,

whichis the controlcase(i.e., randomdeployment).
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We canmale this comparisormore preciseby de ning, for eachpolicy, a coverage factor that
measureshe averagearea covered' by eachnode.Thatis, is suchthatthe total network coverage
is approximatelyequalto n + , wheren is the numberof deployed nodesand is someconstant.
Tablel lists the coveragefactorsfor sixteendifferentcombinationf selectionpolicy andsensorange
(determinedusinglinearregression)lt shouldbe notedthatthesevaluesaremeaningfulonly whenthe
total coverageareais muchlessthanthe total areaof the ervironment.In ary boundedervironment,
network coveragemusteventuallysaturateandboundaryeffectsarelik ely to introducesigni cant non-
linearities.In our experiments the ervironmentwas very large and boundaryeffects have minimal
impact(althoughone canpossiblyseethe startof sucheffectsin someof the coverageplotsin Figure
4).

Inspectingthe valuesin Tablel, it is apparenthatthe threegoal selectionpoliciesthatincorporate
oneor moreof the heuristicsdescribedn Section3.2 (policiesP2to P4) performsigni cantly better
thanthe control case(policy P1). PoliciesP3 andP4,in fact, producean almost3-fold improvement
over simple randomdeplgyment. It is also apparenthat mostof this improvementcan be achiered
using the boundaryheuristicalone:policy P2 (which usesonly the boundaryheuristic)is almostas
goodaspolicy P3(which usesonly the coverageheuristic).FurthermorepoliciesP3andP4arealmost
indistinguishablesuggestinghat the coverageheuristicwill, in almostall situations,deploy nodesto
thereachable/unreachalideundaryThus,it makessensdo usepolicy P4in preferenceao P3,sincethe
latter requiresmuchmoretime to computeandproducesngyligible improvementin network coverage
(we will look at exactly how muchmoretime P3requiresin thenext section).

Comparingthe coveragefactorsobtainedusing differentsensorangesis alsoilluminating, not so
muchfor whatit tells usaboutthealgorithm, but for whatit tells usabouttheervironmentNaively, one
would expectnetwork coverageto increaseasthe squareof the sensorange,sincedoublingthe range
of asinglesensomwill quadrupléts coveragearealn arealernvironment,of coursethingsarenotquite
so simple:occlusionsnot sensorange will dominatethe placemenof nodes.InspectingTablel, we
canseethatthereis signi cant improvementin coverageasoneincreasesensotrangefrom 2mto 6m,
but minimal improvementthereafterThis is true for all four selectionpolicies.For this ervironment,
6m appeardo be a “characteristidength': this distancemay, for example,correspondo the average
distancebetweendoornays,or to the averagesizeof aroom. It would beinterestingto conductfurther
experimentsin differentervironments,in an attemptto correlatecoveragefactorswith ervironment
structure.

Ideally, we would like to comparehesecoverageresultsagainstthe optimalvalue,i.e., the greatest
possiblecoveragethat can be obtainedfor a network that satis esthe visibility constraint.Naturally,
whendeterminingthe optimal coverage we assumehat we have a perfecta priori modelof the envi-
ronment.Evenso,determiningheoptimal coverages extremelydif cult, sinceit necessitateasearch
over the spacehe spaceof all possiblenetworks. This spaceis vast.Considera network of n nodesin
anenvironmentof areaA. If we discretizethis ervironmentinto locationsthataredistanceD apartthe

total numberof possiblenetworksis m((/f:%% (notall of which will satisfythe visibility constraint,
of course).For arelatively small network with n = 10, A = 100m?2 andD = 0:1m, the numberof
possiblenetworksis around10*C. Clearly, a bruteforce searctof this spacds impractical.While there
may exist closedform solutionsor good approximationdor this problem( it is, for example,similar

to the art gallery problem (O'Rourke, 1987)), we are not aware of ary suchsolutionsat this time.
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Thereforeinsteadof comparingour resultswith the optimal solution,we insteadcomparethemwith
the bestgreedysolution. The greedysolutionis obtainedby constructingthe network incrementally
choosingfor eachnodethe location that producesthe greatestcoverage.The greedysolutionis, in
addition,afairertestfor our algorithm:it representshe bestresultthatcanbe expectedfor ary form of
incrementadeploymentalgorithm.

We generatehe greedysolution using the simulatorand a modi ed form of the incrementalde-
ploymentalgorithm.For eachnode,we rst computethe reachabilitygrid, then "teleport' the nodeto
every reachablecell in successionAt eachlocation,we measurehe network coverage At the end of
this processeghe nodeis teleportedbackto the locationthat produceghe greatestoverage andthe
processs repeatedor thenext node.

Tablel shavs the coveragefactorsfor the greedysolution.Note thatthe factorsfor policiesP3and
P4 arewithin 70%to 80% of the greedyvalues:this suggestshatour heuristicsarevery goodindeed,
andthatour policiesareasgoodasthey arelikely to getfor amodel-freealgorithm.

4.2. TIME

Figure5 showvs the measuredomputatiortime for the selectionphaseof the algorithm,plottedagainst
the numberof deplojed nodes(notethatthisis a log-log scale).The four selectionpoliciesareplotted
separatelywith eachplot representinginaverageover all initial locations.Thesensorangein all cases
is 4m. Notethatall four plotsbecomdinearasthe numberof deployednodesn increasesthisimplies
thatcomputatiortime is a polynomialfunctionof thenumberof deployednodeslf we assumehatthis
functionhasa high-ordertermof theform bn?, we cancharacterizeachpolicy in termsof its exponent
a andcoefcient b. Tablell lists thea andb valuesfor policesP1to P4. Thesevalueswerecalculated
usinglinearregressiorin log-log spaceusingonly thelast30 datapointsfor eachpolicy (we aretrying
to capturethe highest-ordetermonly).
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Tablell. Time constantdor the three phasesof the algorithm. Time is assumedo be a polynomial
functionof the numberof deployed nodesn, with a high-ordertermof theform bn?.

Selection Assignment Execution
Policy a b a b a b

P1 0:30 0:00 052 001 1:82 002 001 000 091 009 077 024
P2 0:31 000 050 001 180 001 001 000 O0:77 008 205 0:60
P3 0:79 002 11:33 092 186 001 001 000 051 010 222 079
P4 0:24 0:04 266 043 186 001 001 000 050 011 241 0:98

Inspectingthis table, two resultsareimmediatelyapparentFirst, andmostimportant,the selection
time scalessub-linearlywith the numberof deplo/ed nodes(the exponenta for all policiesis less
thanl). This resultconformsonly partially to our theoreticalexpectationsThe selectionphaseof the
algorithmcanbebrokeninto two parts:mapgeneratiorandpolicy application For mapgenerationgata
from eachnodeareaddedto the occupang grid sequentiallyandindependentlyhencewe expectmap
generatiorto scalelinearly. For policy applicationthe computatiortime is dependenbn the particular
selectionpolicy used:for policiesusingthe boundaryheuristic,computatiortime will be proportional
to the free/unknavn boundarylength;for policiesusingthe coverageheuristic,computatiortime will
be proportionalto the free spacearea.lf we assumehatboth boundarylengthandfree spaceareaare
proportionalto the numberof deplo/ed nodes,computatiortime for policy applicationwill alsoscale
linearly. We thereforeattributethesub-linearesultsin Tablell to acombinatiorof two factorssselection
time is dominatedoy policy applicationratherthanmapgenerationandour assumptiorthatboundary
length scaleslinearly with the numberof deplosed nodesis most probablyincorrect.If we wereto
increasethe numberof nodesin theseexperimentswe expectthat map generatiorwould ultimately
dominate andthata would subsequentlgpproacHL.

The secondresultto note from Tablell is that policy P4, which is almostindistinguishablegrom
P3in termsof coverage,is about4 timesfaster(considerthe coefcient b); this con rms our earlier
conclusionthatP4should,in generalpeusedin preferenceo P3.

Figure6 shovs the measured@omputatiortime for theassignmenphaseof thealgorithm(on alog-
log plot). Thefour selectionpoliciesareplottedseparatelywith eachplot representingin averageover
all initial locations;the sensorrangein all casess 4m. Theseplots are clearly linear, suggestinghat
computationtime for the selectionphaseis a polynomial function of the numberof deplo/ed nodes.
Tablell liststhea andbvaluesfor theassignmenphaseit is apparenthatthis phasescalesasn? in the
numberof deployed nodesn. This conformsexactly to our theoreticalexpectationsduring this phase,
we generatan separatelistancdaransformsthe computatiortime for eachof which scaledinearly with
thefree spacearea.Sincethe free spaceareaalsoscaledinearly with n (asshavn in Section4.1), the
assignmenphasewill necessarilpcaleasn n = n?.

Note that,wewould ideally preferthis phaseof the algorithmto scalelinearly or better; we are
actively seekingalternatve assignmenalgorithmswith this property

Figure7 shavsthewall-clocktime (i.e.,theelapsedealtime, not CPUtime) for theexecutionphase
of thealgorithm(plottedon alog-log scale).Thefour selectiorpoliciesareplottedseparatelywith each

howard_ar02a.tex; 4/09/2002; 11:.03; p.13



14

100 T

Selecllcjn policy P1 +——+—t
Selection policy P2 +--x--+
Selection policy P3 &

Selection policy P4 +--o- -

Time (sec)
.
T

01} B

Deployed nodes

Figure 6. Assignmentime (CPU)for policiesP1to P4.Thescaleis log-log. Most of the errorbarshave beensuppressetbr
the sale of clarity.

1000 . '
Selection policy P1 +—+—
Selection policy P2 +--x--
Selection policy P3 &
Selection policy P4 ------!
100
x X
8.x g
% x 8
10 - e x 8 ++ L
- 5 b BT
g 8 8 .
g + +
e
ir -
01 |
0.01 .
5 25

Deployed nodes

Figure 7. Executiontime (wall-clock) for policiesP1to P4.Thescaleis log-log. Most of the errorbarshave beensuppressed
for the sale of clarity.

plot representingn averageover all initial locations.The sensorangein all casess 4m. While there
is clearly a greatdeal of variancein the deploymenttime, the generaltrendin all four plotsis linear,
suggestingonceagnin that executiontime is a polynomialfunction of the numberof deplo/ed nodes.
Tablell liststhea andb valuesfor theexecutionphasejnspectinghea values,it is apparenthatwhile
the executiontime for policy P1scalesnore-orlesslinearly with the numberof deployed nodesn, the
remainingpoliciesscalesub-linearly

Theseresultsareintriguing, but notentirelyunexpected With sequentiatieployment,executiontime
is proportionalto the sumof the distancegraveledby the active nodeswhich is, in turn, equalto the
distancethat would be traveled by a single nodein an obstruction-freeenvironment.For the random
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deplgymentpolicy P1,we expectthatthis distancewill scalelinearlywith thefreespaceareaandhence
with the numberof deploed nodes For theremainingselectionpolicies,which seekto placenodeson
thefree-spacdoundary(eitherexplicitly, asin thecaseof P2andP4,or implicitly, asin thecaseof P3),
the scalingpropertieswill dependon the natureof the ervironment.If, for example,the ervironment
consistsof a single corridor which canonly t one nodeabreastthe distanceto the boundarywill
scalelinearly with the free spacearea.lf, on the otherhand,the ervironmentis completelyempty the
distancetraveled will scaleasthe squae-root of the free spacearea.The resultsin Tablell suggest
that,for policiesP3andP4,this ervironmentis effectively “empty’ (i.e.,thesepoliciesscaleasn %). For
policy P1,ontheotherhand,the ernvironmentis only partially empty

Ideally, we would lik e executiontime to be constantratherthanlinearor n 2. Considerthe network
coveragerate i.e.,the changen coverageasa function of wall-clock time. If executiontime is linear,
this rate will necessarilydecreaseas the numberof deplo/ed nodesgrows; network coveragewill
thereforeincreaseonly logarithmically with time. Linear growth in coveragecan only be achieved if
executiontime is constantwhich implies that someform of concurrentexecutionmustbe used(i.e.,
mary nodesnustmove atthesametime). As notedin Section3.4,concurrentxecutionrequiresamore
advancedassignmenalgorithm,togethemwith someform of interferenceesolutionstrateyy. While we
areactively researchinghesetopics,they are,unfortunatelybeyondthe scopeof this paper

4.3. DISCUSSION

The experimentsdescribedabore clearly establishthe utility of theincrementabdeploymentalgorithm
andtheheuristicoonwhichit is basedThecoveragevaluesfor policiesP3andP4arebetweery0%and
85% of the value obtainedfor a model-basedreedyalgorithm. The algorithmscalesasa polynomial
function of the numberof deployed nodes,andis in the worst caseof ordern?. On a practicalnote,
we have alsodemonstratedhat the algorithm can handlea large numberof nodes(50) usingmodest
computationatesourcesour simulationswereperformedn real-timeon a singleworkstation.

The key weaknesof theseexperimentsis, of course,their relianceon an idealizedlocalization
system,n which the poseof eachnodeis accuratelydeterminedWith morerealisticlocalization,we
expectthe algorithm's performanceo degrade:poor estimatedor the poseof individual nodeswill
resultin poorregistrationof rangedatain thecombinedoccupang grid. Thiswill, in turn,resultin poor
selectiondor deploymentlocationsand/orassignmensequencesdie do, however, expectthealgorithm
to degradegracefullyratherthancatastrophicallysinceit doesnotrely on precisecoordinatiorbetween
nodesNotealsothatin separatexperimentsonteamlocalization(Howardetal., 2002b;Howardetal.,
2002d)we have demonstratedhe ability to accuratelylocalizethe nodesin a mobile sensometwork,
usingonly the nodesthemselesaslandmarksgvenwhenall of the nodesare in continuousmotion
Thus,we arehighly optimistic thatthesetwo techniques- deploymentandteamlocalization— canbe
mergedinto anintegratedsystemthatexhibits nearoptimalperformance.

5. Conclusionand Further Work

The incrementaldeploymentalgorithm describedn this papercan be usedto deplgy mobile sensor
networks into unknavn ervironments.The algorithmwill deploy nodessuchthat network coverage
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is maximizedwhile full line-of-sightconnecwity is maintained Furthermorethe algorithmdoesnot
requireprior modelsof the environmentyet is ableto producecoverageresultsthatarecloseto those
obtainedusinga greedymodel-basedlgorithm.

In additionto the simulationresultsdescribedn Section4, we have alsotaken the rst stepsto
demonstratinghe algorithmrunningon real hardwarein a real ervironment.The algorithmhasbeen
implementedand testedon a four nodenetwork in a controlledervironment(Howard et al., 2002a),
andwe are currently preparinga muchmore ambitiousexperimentinvolving up to 9 nodes.Thuswe
expectto demonstratehe utility of the incrementadeploymentalgorithmfor real applicationsn real
ervironments.
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