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Abstract—This 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 environment. Each node
makesuseof information gathered by previously deployed nodesto
determine its optimal deployment location. The algorithm is designed
to maximize network ‘coverage’ whilst ensuring that nodes retain
line-of-sight with one another (this latter constraint arises fr om the
need to localize the nodes: in our previous work on mesh-basedlo-
calization [9], [10] we have shown how nodescan localize themselves
in a completely unknown envir onment by using other nodesas land-
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-deployment algorithm for
mobile sensornetworks. A mobile sensornetwork is com-
posedof a distributedcollectionof nodes, eachof which
hassensing,computation,communicationandlocomotion
capabilities. It is this latter capability that distinguishes a
mobile sensornetwork from its more conventional static
cousins.Locomotionfacilitiesa numberof usefulnetwork
capabilities, including the ability to self-deploy andself-
repair.

We envisagethe useof mobile sensornetworks in ap-
plications ranging from urbancombat scenarios,to search-
and-rescueoperationsandemergency environment moni-
toring. Considera scenarioinvolving a hazardousmateri-
als leak in an urban environment. Metaphorically speak-
ing, wewould like to throw a ‘bucket’ of sensornodesinto
a building through a window or doorway. The nodesare
equippedwith chemical sensorsthatallow themdetectthe
relevanthazardousmaterial.Thenodesproceedto deploy
themselvesthroughout thebuilding in suchaway thatthey
maximize the area‘covered’ by their sensors.Datafrom
thenodesis transmittedto abasestationlocatedsafelyout-
sidethebuilding, whereit is assembledto form a live map
showing theconcentrationof hazardouscompoundswithin
thebuilding.

For a sensornetwork is to beusefulin this scenario, the
location of eachnodemust be determined. In urban en-
vironments,it is not possibleto useGPSfor this purpose.
Similarly, landmark-basedlocalizationapproachesaregen-
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erally unsuitable, sincewe expect thatprior modelsof the
environment areeitherunavailable, incompleteor inaccu-
rate.This is particularlytruein disasterscenarios,werethe
environment may have undergone recent(andunplanned)
modifications.Fortunately, aswe have recentlyshown [9],
[10], it is possibleto determine the locationof nodesin a
network by usingthenodesthemselvesaslandmarks.This
techniquedoes,of course,require thatnodesmaintainline-
of-sightwith oneanother. Consequently, in this paper, we
demandthat nodesshoulddeploy in sucha way that they
maximize thearea‘covered’ by thenetwork, whilst simul-
taneously ensuring that eachnode canbe seenby at least
oneothernode.

Thedeploymentalgorithmdescribed in thispaper is both
incrementalandgreedy. Nodesaredeployedone-at-a-time,
with eachnodemaking useof datagatheredfrom previ-
ouslydeployednodesto determine its optimal deployment
location. The algorithm is greedyin the sensethat it at-
temptsto determine, for eachnode, the locationthat will
producethe maximumincreasein the network coverage
area.Unfortunately, aswe will show in SectionIII-C, de-
termining the‘optimal’ placement(even in agreedysense)
is a fundamentallydifficult problem.Consequently, thede-
ploymentalgorithmdescribedin thispaperreliesonanum-
berof heuristicsto guide thisselectionprocess.

Wehaveconductedaseriesof experimentsin simulation
aimedatcharacterizing theperformanceof theincremental
deploymentalgorithm. Wehavealsoconductedlimited ex-
perimentswith arealsensornetwork toconfirm theefficacy
of thealgorithm undercontrolled real-world conditions.

I I . RELATED WORK

Althoughwearenotawareof any previousresearchthat
considersthespecificdeploymentproblem described here,
ourwork is influencedandinformedbyanumberof related
problems.

The concept of coverage as a paradigm for evaluating
many-robot systemwas introduced by Gage[6]. Gage
defines threebasic typesof coverage: blanket coverage,
wheretheobjectis to achieveastaticarrangementof nodes
that maximizes the total detectionarea;barrier coverage,
where the object is to minimize the probability of unde-
tectedpenetration throughthebarrier; andsweepcoverage,
which is more-or-lessequivalentto a moving barrier. Ac-
cording to this taxonomy, the algorithm describedin this
paper is ablanketcoveragealgorithm.



Theproblem of explorationandmap-building by a sin-
gle robotin anunknown environmenthasbeenconsidered
by a numberof authors[19], [20], [21]. Thefrontier-based
approachof Yamauchi et al. [19], [20] is particularly per-
tinent: this exploration algorithm proceeds by incremen-
tally building a global occupancy mapof theenvironment,
which is thenanalyzed to find the‘frontiers’ betweenfree
and unknown space. The robot is directedto the near-
estsuchfrontier. The network deployment algorithm de-
scribedin this paper sharesa number of similaritieswith
thisalgorithm: wealsobuild aglobal occupancy gridof the
environment anddirect nodesto the frontier betweenfree
and unknown space. However, in our deployment algo-
rithm themapis built entirelyfrom live,ratherthanstored,
sensorydata.Wemustalsosatisfyanadditional constraint:
thateachnode mustbevisible to at leastoneothernode.

Multi-robot explorationandmap-building hasalsobeen
exploredby a numberof authors [3], [15], [16], [12] who
useavarietyof techniquesranging fromtopologicalmatch-
ing [3] to fuzzy inference [12] and particle filters [16].
Onceagain,therearetwo key differencesbetweenthisear-
lier work andthe work described in this paper: our maps
arebuilt entirely from live, not stored,sensorydata,and
our deploymentalgorithmmustsatisfyan additional con-
straint(i.e. line-of-sightvisibility).

Thedeploymentproblemdescribedhereis similarto that
described by Bulusuet al. [2], who consider the problem
of adaptivebeacon placement for localizationin large-scale
wirelesssensornetworks. Thesenetworks rely on RF-
intensity information to determine the locationof nodes;
appropriateplacement of RF-beacons is therefore of crit-
ical importance. The authorsdescribean empiricalalgo-
rithm that adaptively determinesthe optimal beaconloca-
tions. In a somewhat similar vein, Winfield [18] consid-
ers the problem of distributedsensingin an ad-hoc wire-
lessnetwork. Nodes are introducedinto the environment
en-massandallowed to disperseusinga random-walk al-
gorithm. Nodesareassumedto have a limited communi-
cationrange, andthe environmentis assumedto be suffi-
ciently largesuchthat full network connectivity cannotbe
maintained. Hencethe network relieson continuousran-
dommotionto bringnodesinto contact,andtherebyprop-
agate informationto the edgesof the network. Our work
differsfrom thatdescribed by theseauthors in a numberof
significant ways. Whereasboth BulusuandWinfield are
concernedonly with sensorrange,weassumethatnetwork
nodesareequipped with sensorsthat require line-of-sight
to operate (suchas camerasor laserrange-finders). Un-
like Winfield, our deploymentalgorithm is specificallyde-
signedto preserve network connectivity. It also aims to
producecontrolled deployment ratherthan random diffu-
sion. Finally, unlike Bulusu,our algorithm is incremental
rather thanadaptive; oncenodesaredeployed,they donot
changelocation.

(a)

(b)

Fig. 1. (a) A typical obstruction problem, with a waiting nodeunable to
reachits deploymentlocation. Thegrayareaindicatestheregion of space
that not yet covered by the network. (b) The obstruction is resolved by
re-assigning thedeploymentlocation to another node.

Finally, we note the problem of deployment is related
to thetraditional art gallery problemin computationalge-
ometry [14]. The art gallery problem seeksto determine,
for somepolygonalenvironment, theminimum numberof
camerasthatcanbeplacedsuchthattheentireenvironment
is observed. While thereexist a numberof algorithmsde-
signedto solve theartgalleryproblem, all of theseassume
thatwe possessgoodprior models of theenvironment. In
contrast,we assumethat prior models of the environment
areeitherincomplete,inaccurateor non-existent.Thesen-
sor network musttherefore empiricallyandincrementally
determinethestructureof theenvironment.

I I I . INCREMENTAL DEPLOYMENT ALGORITHM

Thealgorithmdescribedhereis an incrementaldeploy-
ment algorithm: nodes are deployed one at a time, with
eachnodemakinguseof informationgatheredby thepre-
viously deployednodesto determine its idealdeployment
location. The algorithm aims to maximizethe total net-
work coverage, i.e. thetotal areathatcanbe‘seen’by the
network. At thesametime, thealgorithmmustensurethat
thevisibility constraint is satisfied;i.e, eachnode mustbe
visible to at leastoneothernode.

A. Assumptions,Constraints,Performance

Theincremental deploymentalgorithm relieson a num-
berof key assumptions:



� Homogeneousnodes: all nodes are assumedto be
identical. Furthermore, we assumethat eachnode is
equipped with a range sensor(such as a laser range
finder or sonararray), a broadcastcommunicationsde-
vice(suchaswirelessEthernet),andis mountedonsome
form of mobile platform.� Static envir onment: the environment is assumedto
be static, at least to the extent that grosstopology re-
mainsunchangedwhile the network is deploying. We
assume,for example, that opendoors remainopenfor
the duration of the deploymentprocess. Note that the
deploymentprocess itself will modify theenvironment,
asnodeswill bothoccludeandobstruct oneanother.� Model-fr ee: there are no prior models of the envi-
ronment. This algorithm is intended for applications in
which environment modelsareunavailable, incomplete
or inaccurate.Indeed,akey taskfor thenetwork maybe
to generate suchmodels.� Localization: the pose of each and every node is
known in somearbitraryglobalcoordinatesystem.

In ourprevious work on mesh-basedlocalization[9], [10],
weshowedhow global localization canbeperformedusing
only the measuredrelationshipsbetweennetwork nodes.
Thistechniquedoesnotrequireexternal landmarksor prior
models of theenvironment. It does,however, requirethat
eachnodebe visible to at leastoneothernode. It is this
requirementgivesriseto thevisibility constraint,whichwe
defineasfollows:� Visibility constraint: eachnode mustbevisible to at

leastoneothernodeat its final deployedlocation.
This constraint doesnot necessarilyimply thatnodesmust
be visible at all times: if we assumethat the nodes are
equippedwith someform of odometry or inertial naviga-
tion, they neednot becontinuouslyvisible whilst they are
in motion.

The incremental deployment algorithm is designed to
maximize asingleperformancemetric:� Coverage metric: the coveragemetric measures the

totalareavisible to thenetwork’s sensors.
Ideally, we would like to comparethe networks produced
by the incremental deploymentalgorithm with anoptimal
network. By definition, anoptimal network maximizesthe
coveragemetric whilst simultaneously satisfyingthe visi-
bility constraint. We would like to beableto indicate,for
example,thatthecoveragefor a particularnetwork is 50%
thatof theoptimal network. Unfortunately, finding theop-
timal network is extremelydifficult, evenin thepresenceof
a gooda priori model. The spaceof possiblenetworks is
vast: considera network of � nodesin anenvironmentof
area� . If we discretizethis areainto ��� distinct locations,
thenumberof possiblenetworksis ���	��

� (notall of which
will satisfythe visibility constraint) For a relatively small
network with �����
� , ������������� and �����
� , thenum-
ber of possiblenetworks is ������� . A brute force searchis
thereforeclearlyimpractical.While theremayexist closed

form solutionsor good approximations for this problem(it
is, for example,similar to theartgallery problem[14]), we
arenot awareof any suchsolutions at this time. Conse-
quently, in this paper, we make no attemptto find optimal
networks.

There is onefinal issuethat mustbe considered in the
designof a practicaldeployment algorithm: obstruction.
Whenthesizeof thenodesis comparablewith thesizeof
openings in the environment, nodesmay find themselves
unable to reachtheir deploymentlocations dueto obstruc-
tion from previously deployed nodes. See,for example,
the situationillustratedin Figure 1. Thereis, fortunately,
averynaturalsolutionto this problemthatexploits theho-
mogeneityof thenetwork nodes:anobstructednode may
swap roleswith the nodeobstructing it. Thus, if node �
is obstructedby node � , node� will move to � ’s deploy-
ment location, while � will replace� atits original deploy-
ment location(seeFigure1). Sinceall nodesareassumed
to be equivalent, this role-swapping makesno functional
differenceto thenetwork. For complex environments,with
many obstructions,this resolution strategy mayneedto be
applied recursively: � replaces� , � replaces � , � re-
places� andsoon. Wewill describearecursiveresolution
algorithm basedon thisconceptin SectionIII -D.

B. AlgorithmOverview

Theincrementaldeploymentalgorithm hasfour phases:
initialization, goalselection,goal resolutionandexecution.
� Initialization. Nodesareassignedoneof threestates:
waiting, active or deployed. As the namessuggest,a
waiting node is waiting to be deployed, an active node
is in theprocessof deploying, anda deployed nodehas
already beendeployed. Initially, thestateof all nodesis
set to waiting, with the exception of a singlenode that
is set to deployed. This nodeprovidesa startingpoint,
or ‘anchor’, for the network, and is not subjectto the
visibility constraint.� Goal selection.Sensordatafrom thedeployednodesis
combinedto form a mapof theenvironment.This map
is analyzed to selecttheoptimaldeploymentlocationfor
thenext node. Ideally, the goal locationwill maximize
thecoveragemetricwhilst simultaneously satisfyingthe
visibility constraint.� Goal resolution. Thegoal is assignedto a nodeusing
a variant of the recursive resolutionstrategy described
previously. If the goal is assignedto a deployed node,
theresolutionalgorithmis calledrecursively to re-assign
thedeployednode’spreviousgoal.If thegoalis assigned
to a waitingnode, thealgorithm terminates.Thestateof
any nodethatisassignedor re-assignedagoalis changed
to active. Thusit is possiblefor morethanonenodeto
bemarkedasactiveduring theresolution phase.� Execution. Theactivenodesaredeployedsequentially
to theirgoallocations. Thestateof eachnodeis changed



from active to deployeduponarrival at thegoal.

Thealgorithm iteratesthroughtheselection,resolution and
execution phases, terminating only when all nodeshave
beendeployed.

C. GoalSelection

Theselectionphasedeterminesthenext deploymentlo-
cation, or goal. Ideally, thegoalshouldmaximizethecov-
erage metricwhilst simultaneously satisfyingthevisibility
constraint.Unfortunately, in practice,thereisnowayof de-
termining the ‘optimal’ goala priori, not even in a greedy
or local sense.Sincewe lack a prior modelof theenviron-
ment, we mustinsteadrely on sensordatafrom deployed
nodes;sincethisdatais, by definition, incomplete,ourrea-
soning must be similarly incomplete. Consequently, the
algorithm describedhereavoidssuchreasoning altogether.
Instead, we useoneof a number of relatively simplegoal
selectionpoliciesthatrely on heuristicsto guidetheselec-
tion process.

As a first step,sensordatafrom the deployed nodes is
combinedto form anoccupancygrid [4], [5]. Eachcell in
this grid is assignedoneof threestates:free, occupied or
unknown. A cell is freeif it is knowntobecontainnoobsta-
cles,occupied if it is known to containaoneor moreobsta-
cles,andunknownotherwise.We usea standardBayesian
technique[5] to determine theprobability thateachcell is
occupied, thenthreshold this probability to determinethe
stateof eachcell.

Any cell that canbeseenby oneor more nodeswill be
markedaseitherfreeor occupied;only thosecellsthatcan-
notbeseenby anynodewill markedasunknown. 1 There-
fore,we canensure thatthevisibility constraintis satisfied
by alwaysselectinggoalsthatlie somewhere in freespace.
Unfortunately, not all free spacecells representvalid de-
ploymentlocations.Sincenodeshavefinite size,a freecell
that is closeanoccupied cell maynot bereachable. Simi-
larly, wemusteliminatefreecellsthatarecloseto unknown
cells,sincethesecellsmayalsoturnout to beoccupied.

To simplify thiskindof analysis,wepost-processtheoc-
cupancy grid to form a configuration grid. As the name
suggests, the configuration grid is a representationof a
node’s configuration space[13]. As with the occupancy
grid, eachcell in the configuration grid can have one of
threestates:free, occupiedandunknown. A cell is free if
andonly if all theoccupancy grid cells lying within a cer-
tain distance� arealsofree (the distance� is usuallyset
to a valuegreaterthanor equal to the node’s radius). A
cell is occupiedif thereareoneor moretheoccupancy grid
cells lying within distance� that are similarly occupied.
All othercellsaremarkedasunknown.

 
Strictly speaking, since simple Bayesian reasoning doesnot distin-

guishbetweenignoranceandcontradiction,a cell mayalsobemarkedas
unknown if thereis contradictory evidenceregarding its occupancy state.

Any point in free spacein the occupancy grid is guar-
anteedto bevisible; in contrast,any point in freespacein
theconfigurationgrid is guaranteedto bebothvisibleand
reachable. Consequently, whenselectinga goal,theselec-
tion algorithm alwayschoosesa location that lies in free
spacein theconfigurationgrid.

The selectionalgorithmmakesuseof two heuristics to
guide goalselection:a boundary heuristicanda coverage
heuristic.� Boundary heuristic: nodes should deploy to the

boundarybetweenfreeandunknown space.
Thisheuristicseeksto placenodesin suchaway thatthere
is minimal overlapbetweensensoryfields, thereby maxi-
mizing the coveragemetric. By placingthe nodeson the
boundary of free space(in the configuration grid), this
heuristic also ensures that the visibility constraintis sat-
isfied.� Coverage heuristic: nodesshoulddeploy to the lo-

cation at which they will ‘cover’ the greatestareaof
presently unknown space.

Thisheuristicseeksto placenodesat thelocationat which
they have the greatest potential to increasethe coverage
area, if we make the optimistic assumptionthat all un-
known areasare, in fact, free space.There is no guaran-
teethatthis assumption is correct, of course;thenodemay
deploy to a locationthat appears to cover a large areaof
unknown space,only to find thatit hasdeployeditself into
acloset.

In andof themselves, the heuristicsdo not necessarily
specifya uniquegoal location. They can,however, be in-
corporatedinto a number of goal selectionpolicies, each
of which will determine a unique goal location. We have
implementedfour suchselectionpolicies:� P1: randomly selecta locationin freespace.� P2: randomly selecta location on the free/unknown

boundary.� P3: selectthe free spacelocationthat maximizes the
coverageheuristic.� P4: select the free/unknown boundary location that
maximizesthecoverageheuristic.

Thesepoliciesexpressall possiblecombinationsof thetwo
heuristics, including the ‘control’ casein which neither
heuristic is used. The first two are stochastic,while the
latter two aredeterministic. Note thatP4 is a specialcase
of P3;it is includedpartly for completeness,andpartlybe-
causeit canbe computedmuchmore rapidly thanP3. In
SectionIV, wewill comparetheperformanceof thesefour
policies in an experimentalcontext, andattemptto deter-
minetherelativecontributionsof theunderlying heuristics.

D. GoalResolution

The goal resolutionphaseattemptsto assignthe newly
selectedgoal to a waiting node. As we noted in previ-
ously, this processis complicatedby thefactthatdeployed
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Fig. 2. (a) A fragment of thesimulatedenvironment.(b) Occupancy grid producedby a typical deployment.
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Fig. 3. Coverageversusnumberof deployed nodes for the simulated
environment.Theresultsfor all four selection policiesareshown, together
with the line of bestfit for eachpolicy. Note that policiesP3andP4are
not distinguishable in this plot.

nodestendto obstruct waitingnodes,preventingthemfrom
reaching thegoal.Thus,it is generally notsufficientto sim-
ply assignthegoal to thefirst waitingnode.Instead,weuse
thefollowing recursiveresolutionalgorithm.� Find the nearestdeployed or waiting node that can

reachthegoal.� If the node is waiting, assignthe goal to the selected
node,andchange thenode’s stateto active.� If thenodeis deployed,assignthegoal to theselected
node,changeits stateto active,andcall theresolutional-
gorithm recursively to assignthenode’s current location
to another node.

Thisalgorithmalwaysassignsthegoalto thenearestnode,
whether it is waiting or deployed (active nodes are not
considered,sincethey alreadyhave goals).This produces
someinterestingbehavior: thenetwork will tendto ‘ooze’

outfrom its startinglocation,with many nodesin motionat
any given point in time. In addition, asthenetwork spreads
through the environment,the samenodeswill tendto re-
mainonedgeof thenetwork.

This ‘oozing’ behavior canbe radicallyalteredthrough
aslightmodification to theresolutionalgorithm. If webias
thealgorithm suchthatgoalsareassignedto waitingnodes
in preferenceto deployednodes,the network will tendto
deploy in a ‘leap-frog’ fashion,with mostof thenodesre-
maining stationarywhile a singlenodedeploys. With this
modification, nodes on the edgeof the network are con-
tinually replaced.This is only true,of course,for relatively
openenvironments,whereobstructionsarerare.In ahighly
constrainedenvironment, whereobstructionsarecommon,
we expect that this modifiedalgorithm will, of necessity,
alsoproduce’oozing’ behavior.

It is unclear, at this time, which of thesetwo resolution
algorithmsis preferable.While thefirst algorithm mayper-
mit fasterdeployment(theaveragedistanceeachnodemust
move will be significantly shorter), the secondmay facil-
itate better localization(errors tend to accumulate while
nodesarein motion, hencekeeping mostof thenodessta-
tionary shouldleadto betterlocalization). In thispaper, for
no particularreason, we will persistwith thefirst of these
algorithms.

Notethatbothresolutionalgorithmsrequirethatwegen-
erate,for eachnode, a plan for reaching thegoal. To this
end, wemakeuseof theconfigurationgrid generatedin the
selectionphase,applying a distancetransform[21] to the
grid, andtherebydetermining, for eachcell, thedistanceto
thegoal. Thedistancetransform worksby assigninga dis-
tanceof 0 to thegoalcell, a distanceof 1 to cellsadjacent
to thegoal,a distanceof 2 to cellsadjacentto thesecells,
andsoon. Distancesarenot propagatedthrough occupied
or unknown cells. In this way, thedistancetransform will



TABLE I

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

Policy "#�%$&��
 �(')"*��$,+-�(

P1 3.85 0.260
P2 9.55 0.105
P3 11.48 0.087
P4 11.48 0.087

assigna value to every cell from which the goal can be
reached. Thus,for eachnode, we candetermine the dis-
tanceto thegoal,andwhetheror not thenodecanreachthe
goal, by inspectingthevalueassignedto thecell containing
thenode.

E. Execution

During the execution phase,active nodesaredeployed
to their goal locations. By default, this deploymentis se-
quential: we wait for eachnode to reachits goal location
before deploying the next node. Sincethereis only one
node in motion at any given point in time, we eliminate
any potentialfor interference betweennodes. Sequential
deployment is, however, quite slow. In practice,we find
that nodes canbe deployed concurrently with little or no
interference,greatlyreducing theoverall deploymenttime.
Unfortunately, sincewe cannot guaranteethat nodeswill
not interfere,sequential deploymentis alwaysthesaferop-
tion.

Nodesnavigateusingastandardpotentialfield controller
[1], [11] in which the goal is represented asan attractive
forceandobstaclesarerepresentedasrepulsive forces. In
order to avoid localminima, weusethegradient of thedis-
tancetransform generatedin the resolution phaseto rep-
resentthe goal force. Thus, the node will tend to ‘surf’
down thedistancetransform gradient to thegoal. Theob-
stacleforce is generateddirectly from the node’s sensors,
andprevents the node from colliding with obstaclesthat
where not presentwhenthedistancetransformwasgener-
ated.This ensures safenavigation, evenwhentheenviron-
ment is notentirelystatic.Suchis thecasewhennodesare
deployedconcurrently ratherthansequentially; the obsta-
cleforcecanthereforebeviewedasanothermechanismfor
reducing interferencebetweennodes.

IV. EXPERIMENTS

Wehaveconductedaseriesof experimentsin simulation
anda singleexperimentwith real hardware. The simula-
tion experimentsare intendedto checkthe functional va-
lidity of the incremental deploymentalgorithm, andallow
us to perform a statisticalcomparisonof the four goal se-
lectionpoliciesdescribedin SectionIII-C. Thereal-world
experimentis intendedmainlyasaproof-of-concept,estab-

lishing that the algorithm is robust in the presence of real
sensorandactuatornoise.

A. Simulationexperiment

The simulationexperimentswere conductedusing the
Stagemulti-agent simulator[17], [7]. Stagesimulatesthe
behavior of realsensorsandactuatorswith ahighdegreeof
fidelity; algorithms developedusingStagecanusuallybe
transferredto realhardwarewith little or nomodification.

The sensornetwork for this experiment consistsof 50
nodes, eachof which is equipped with a scanninglaser
range finder mountedon a differential mobile robot base.
Thelaserrangefinderhasa360degreefield-of-view anda
maximumrangeof 4m.Eachnodeis alsoequippedwith an
‘ideal’ localizationsensorthat providesaccurateposition
andorientation information. This sensoris usedin place
of themesh-basedlocalizationtechniquedescribed in [9],
[10], as this technique hasnot yet beenmerged with the
incrementaldeploymentalgorithm. The simulatednodes
wereplacedin theenvironment shown in Figure2. This is
a fragment of a muchlarger environment that represents a
singlefloor in a largehospital.Theinitial node placement
corresponds to thelocationof theelevator shaftin thereal
environment.

We conducted20 deploymenttrials for eachof the the
goal selectionpoliciesdescribedin SectionIII- C. In each
trial, we measured the network coverageasa function of
thenumber of deployed nodes.Theresultsaresummarized
in Figure 3, which shows the coverage(averagedacross
all trials) plotted againstthe number of deployed nodes.
The plots also show the variance in coverage. Note that
the variance for policiesP3 andP4 is effectively zero,as
onewould expect given that thesearedeterministic poli-
cies.In contrast,thevariancefor policiesP1andP2,which
arestochastic,is significant.

Considerthefour curvesshow in Figure3. Sinceall four
curvesareapproximatelylinear, wecandetermine,for each
policy, a value " thatmeasurestheaveragearea‘covered’
by eachnode; i.e. " is suchthatthetotalnetwork coverage
is approximately equalto ".� , where � is the number of
deployednodes.The " valuesfor policiesP1 through P4
areshown in TableI. It shouldbenoted thatthesemeasures
areonly meaningful whenthetotal coverageareais much
lessthanthetotalareaof theenvironment. In any bounded
environment, network coveragemust eventually saturate,
andboundaryeffectsarelikely to introducesignificantnon-
linearities.

Comparing theseresults,it is clearthatthethreegoalse-
lectionpoliciesthat incorporateoneor moreof theheuris-
tics described in SectionIII- C (policies P2to P4)perform
significantly betterthanthecontrol case(policy P1). Poli-
ciesP3andP4,in fact,producea 3-fold improvement over
simplerandom deployment. It is alsoapparent that most
of this improvement canbe achieved using the boundary
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Fig. 4. (a) A sensornode:a SICK scanning laserrange-finder mounted on a Pioneer 2DX mobile robot. (b) Init ial experimental configuration. (c, d, e, f)
Theoccupancy grid with one,two, threeandfour deployednodes.

heuristic alone: policy P2 (which usesonly the boundary
heuristic) is almostasgoodaspolicy P3(which usesonly
the coverageheuristic). Furthermore,policiesP3 andP4
arealmostindistinguishable,suggestingthat the coverage
heuristic will, in almostall situations,deploy nodes to the
free/unknown boundary. Thus, it makessenseto usepol-
icy P4 in preferenceto policy P3,sincethe latter requires
much moretime to compute andproducesnegligible im-
provement in network coverage.

Theseresultsalsosuggestthat theremay still be room
for someimprovement in the deploymentalgorithm. The
upper limit on " for a laserrange-finderwith a /�0��.1 field-
of-view andrangeof 4m is 2)�43 5	6($�� ; our bestpoliciesare
achieving around one-fifthof this value. While we do not
expect this upperbound to be achievable in practice(nor
in principle,for thatmatter, sincethis bound ignorespack-
ing considerations) we would like to explore the relation-
shipbetween" , sensorrangeandenvironmental complex-
ity. This topic is, unfortunately, beyond the scopeof this
paper.

B. Real-worldexperiment

We have conducted a single real-world experimentin-
tendedtoestablishthatthedeploymentalgorithmwill func-
tion with real hardware. Our network consistsof four
nodes, eachof which is madeup of a SICK LMS200
scanning laser range-finder (with a �
7��81 field of view)
mountedon a Pioneer2DX mobilerobot. Thenodeshave

anon-boardPentium-classprocessorandcommunicateus-
ing 802.11 wirelessEthernet. Eachnoderuns the Player
[8], [7] robot server; Playerabstractsthe node’s physical
hardwareinto a seriesof ‘devices’, which it makesavail-
ableasnetwork services.Thus,thenodescanbecontrolled
remotely over the network. For this experiment, all four
nodeswerecontrolled by a single450MHz PIII worksta-
tion running Linux.

Eachof thenodes is alsoequippedwith a beacon-based
localization ‘sensor’. This virtual sensorprocessesdata
from the laserrangefinder, searching for codedbeacons
(our beacons are simple bar-codes made from alternat-
ing stripsof retro-reflectiveandnon-retro-reflectivepaper).
For this experiment, four suchbeacons wereplacedin the
environment, allowing the nodes to determine their posi-
tion andorientation to anaccuracy of about10cmand 291 .
As wasthecasein the simulationexperiments,this local-
izationtechniqueis usedin placeof themesh-basedlocal-
izationmethoddescribedin [9], [10].

The environment for this experiment was an artificial
one, constructedin thelaboratory from woodenpartitions.
Thelayout of theenvironment is shown in Figure4. Since
thisenvironmentis lessthan7macross,weartificially lim-
ited the rangeof the laserrange findersto 4m ratherthan
theirusual8m,in order themakethedeploymentmoredif-
ficult.

We conducted a single deployment trial using policy
P3. Figure4 shows a seriesof ‘snap-shots’ taken during
the trial. Eachsnap-shot shows the occupancy grid gen-



eratedby the deploymentalgorithm, with the positionof
eachnodesuperimposed.Thepathtakenby nodesbetween
snap-shotsis alsoshown. The trial startswith four nodes
in thebottom-left cornerof theenvironment, with theright-
mostnodebeingusedto anchorthenetwork (i.e. thisnodes
remains stationary). Nodesdeploy sequentially, pushing
backthe free/unknown with eachsuccessive deployment.
Note that sincethe topology of the environment is effec-
tively linear, the nodesendup moving in a ‘Conga line’:
astheleadnode movesforward, thenode immediatelybe-
hind it stepsforward to take its place;this nodeis in turn
replacedby theonebehindit, andsoon.

While this experiment is limited in scope, it clearly
demonstratesthat the incremental deployment algorithm
canbe implementedon real hardwareandfunction under
controlled real-world conditions.

V. CONCLUSION AND FURTHER WORK

The experimentsdescribedin SectionIV clearly estab-
lish theutility of theincremental deploymentalgorithm and
theheuristicson which it is based.Furthermore,while we
havenotyetfully characterized thescalingpropertiesof the
algorithm, we have empirically demonstratedthat this is a
practical algorithm for networkscontainingup to 50nodes
(our simulationexperimentswereperformedin real-time
ona singleworkstation).

Thekey weaknessof theseexperimentsis their reliance
on global localizationmechanisms other than the mesh-
basedmethod for which the incremental deployment al-
gorithm was designed (the visibility constraint arisesdi-
rectly from theneedof this lattermethod to maintainline-
of-sightrelationshipsbetweennodes).While we have pre-
viously demonstratedmesh-basedlocalizationfor mobile
sensornetworks [9], [10], this methodis not yet integrated
with theincremental deploymentalgorithm described here.
We arecurrently performing this integration, andexpectto
demonstratea combinedsystemin theverynearfuture.

Our experimentsarealsofar from exhaustive. Therere-
main many, many issuesto explore, including: how does
the algorithm scalewith network size (in termsof com-
putational cost,bandwidth requirements,andphysicalde-
ploymenttime)? How doesthe algorithm perform in dif-
ferent environments? And what is the impactof changing
thesensorrangeor thephysicalsizeof thenodes(thereby
reducing obstruction)? All theseissuesremainthesubject
of on-going research.

Our work to datedemonstratesthat a relatively simple
deploymentstrategy, which requiresnoapriori knowledge
of the environment,hasthe desiredpropertiesof robust-
nessandeffective coverage;this animportantcombination
for thedomainsin whichthesenetworkswill bepractically
applied.
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