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We considermulti-robot systemsthat include sensornodesand aerial or ground
robotsnetworkedtogether. Wedescribetwo cooperativealgorithmsthatallow robots
and sensorsto enhanceeachother's performance.In the �rst algorithm,an aerial
robot assiststhe localizationof the sensors.In the secondalgorithm, a localized
sensornetwork controlsthenavigationof anaerialrobot.Wepresentphysicalexper-
imentswith an�ying robotanda largeMica Motesensornetwork.

1 Intr oduction

We wish to develop distributednetworks of sensorsandrobotsthat perceive their
environmentandrespondto it, anticipatinginformationneededby thenetwork and
by usersof the network, repositioningand organizing themselves to bestacquire
anddeliver that information.Thesenetworks,thousandsof smallsensors,equipped
with limited memory, sensing,communication,andactuationcapabilitieswill au-
tonomouslyorganizethemselvesandmoveto trackasourceandconvey information
aboutits locationto ahumanuser, andto therestof thesystem.

In thispaperwediscussthecooperationbetweenagroundsensor-network anda
�ying robot.Weassumethatthe�ying robotis connectedby point-to-pointcommu-
nicationwith a groundsensornetwork. Thenodesof thesensornetwork aresimple
andthey supportlocal sensing,communication,andcomputation.Thecommunica-
tion rangeof all nodesis limited, but the resultingmobilesensornetwork supports
multi-hop messaging.The �ying robot makesthe sensornetwork localizationeasy
by providing accessto GPSdatato all nodes.In turn, thesensornetwork helpsthe
navigation of the �ying robot by providing informationoutsidethe robot's imme-
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diatesensorrange.In our previouswork [2] we discussthedetailsof robot-assisted
localization.In thispaperwesummarizerobot-assistedlocalization,discusswhy it is
hard,andpresenta new sensor-assistedrobotguidancealgorithm.We alsodescribe
new experimentalresultswith an integratedtestbedfor robot-assistedlocalization
andsensor-assistedguidance.

2 Robot-assistedlocalization

Groundsensornetworks are usually deployed on-demand,so that the location of
the sensorsmay not alwaysbe presettableby the deploymentsystem.Onceon the
groundthesensorsacquirelocationinformationautonomouslyandformadistributed
system.Theindividual sensornodesaretoosimpleto includecomplex sensorssuch
asGPS,or to supportcomplex informationprocessingtasksestimatinglocationfrom
rangemeasurements.

Thenodelocalizationproblemhasbeenpreviouslydiscussedby othersandusu-
ally requiresestimatesof inter-nodedistance,a dif�cult problem.Simić and Sas-
try [8] presenta distributed algorithm that localizesa �eld of nodesin the case
wherea fraction of nodesare alreadylocalized.Bulusu etal. [1] proposea local-
izationmethodthatuses�x edbeaconswith known position.Galystyanetal.[3] de-
scribeda constraint-basedmethodwherebyan individual nodere�nes its position
estimatebasedon locationbroadcastsfrom a moving agent.We wish to addressthe
sensorlocalizationproblemin a uniform andlocalizedway, without relying on bea-
consor pre-localizednodes,while minimizing thenumberof broadcastsrequired.

In [2] we introducedtheideaof robot-assistedlocalization,anapproachto local-
izationthatis orthogonalto this previouswork, doesnot requireinter-nodecommu-
nication,andis suitablefor sensornetworks deployed outdoors.For a large sensor
network the location requirementcould be limiting sinceit would be impractical
(for reasonsof costandpower consumption)for eachnodeto have GPScapability.
However, amobileaerialrobotequippedwith aGPSsystemcanassistthesensorsto
localize.Theaerialrobotsweepsacrosstheareaof thesensornetwork, for example
alonga randompathor a pathde�ning a grid, broadcastingGPScoordinates.The
sensorsprocessall broadcaststhey hearandestimatetheir location. If the mobile
nodebeamsmessagescontainingits positionpi = (x i ; yi ) any sensorsreceive the
messagewith signalstrengthsi , asimpleaveragingprocedurecanestimateasensor's
locationasthecentroidof thesetof GPSlocationsheardover time. Othermethods
discussedin [2] includetaking just the strongestreceived signal,a signalstrength
weightedmean,a median,a set intersectionapproachas suggestedby Galystyan
etal.[3]. Thelatterrequiresa parameterwhich is thenotionalreceptionrangeof the
radio,assumedto becircular. Note thatalgorithmsmean, wmeanandmedian can
bemodi�ed so that theestimateis only updatedwhensi > smin which arti�cially
reducesthesizeof theradiocommunicationsregion.



RobotLocalizationandNavigationusingSensorNetworks 3

2.1 Challengeswith Distrib uted Localization

In the robot-assistedlocalizationalgorithm,the robot regularly broadcastsits loca-
tion. Whenwithin thereceptionrangeof thesensor, thesebroadcastsprovide input
to thelocalizationalgorithm.Thereceptionrangeis not symmetricaldueto thelobe
shapeof both the transmittingandreceiving radiosinvolved, terrain,etc.Sincethe
asymmetrydependson the relative orientationof both antennasit will vary from
encounterto encounter, whichhighlightstwo problems.

1. The asymmetryis not known apriori, so the bestwe cando is to approximate
the centerof the radio receptionrange,i.e., assumethe sensoris at the center
of the radio receptionrange.Node7 in Figure3(a) shows an extremecaseof
directionalreception.

2. With relatively few measurementsoccurringwithin thereceptionrangetheesti-
mateof centroidwill bebiased.

The�rst problemis not solvablegivencurrentradiosMultiple encountersatdif-
ferentrelativeantennaorientationsmightprovidesomerelief,but wouldincreasethe
timeandcostof any post-deploymentlocalizationphase.

Therearewaysto improve thesecondproblemhowever:

1. Increasethe rate at which position broadcastsare sent,giving more samples
within thereceptionrange,andimproving theestimateof thecentroid.

2. Increasethesizeof the receptionrangein orderto acquiremoresamples.One
way to do this would be to relay messagesbetweencloseneighbors,perhaps
basedonahop-countestimateof distance.A disadvantageof thismethodis that
theasymmetryproblemis likely to beexacerbated.

3. Decreasethesizeof the receptionrange,perhapscombinedwith improvement
#1,sothatthosebroadcaststhatarereceivedoriginateverycloseto thesensor.

In early simulationstudieswe observed that the localizationresult is strongly
dependenton thepathof the robotwith respectto thedeployednodes.To sidestep
this dependencewhile testingobservations(1–3)above our simulationusesa �x ed
serpentinerobotpathand100sensorsdeployedrandomlywith auniformdistribution
in a squareregion 100� 100m (meaninter-nodespacingis 17m).The robot starts
at theorigin in thelower-left corner, moves100mto theright, up 20m,100mto the
left, thenup another20mandrepeatsthecycle. The total time to executethis path
is 1 unit, andwe investigatetheeffect of changingthebroadcastinterval. Theradio
propagationmodelassumesthatsignalstrengthdecreaseswith distanceandbecomes
zeroat themaximumdistanceparameterwhichwealsovary.

For eachsetof simulationparameters,suchasradiorangeor positionbroadcast
rate,we computemeanandmaximumlocalizationerror. We repeattheexperiment
100times,andcomputesecond-orderstatistics.For eachexperiment,for eachnode,
we run the5 localizationalgorithmspreviously described.Figure1 shows someof
theresults.
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Fig. 1. Mean localizationerror from the Monte Carlo studyusing the � ve methodsof [2].
(a) Effect of varying thebroadcastinterval (transmitrange= 15m).(b) Effect of varying the
transmissionradius(dt=0.02).

We observe thatasthenumberof broadcastsincreases(ie. broadcastsarecloser
together)thelocalizationerrordecreasesandreachesa plateauat around5m or bet-
ter. The methodstrongestperformsleastwell while constr performsbest.For a
given numberof broadcasts,50, alongthe pathwe investigate the performanceof
themethodsfor varyingtransmitradius.We seethat themethodconstr, previously
a strongperformer, breaksdown whentheactualandassumedtransmitradii arenot
equal.Thebestperformerin this testis wmean, thoughmeanalsobehaveswell.

3 Sensor-assistednavigation

A localizedset of sensorscan facilitate the aerial robot's navigation by encoding
pathinformationwhichprovidestherobotwith point-by-pointnavigationdirections
usingnetworking.Thepathcanbecommunicatedto therobotby thegroundsensors.
Thesensornetwork canemploy mappingalgorithmssuchasthosedescribedin [6]
to computeadaptive, time-varyingpathsto events.Oneapplicationof this approach
is in theareaof monitoringandsurveillance,wherethesensornetwork maydetect
somethingthat requiresfurther investigationwith a morecomplex sensor, saywith
thecameraonboardof the�ying robot.

Supposea path is storedin the sensor�eld. Sensor-assistednavigation for the
�ying robot hastwo phases:�rstly getting to wherethe pathstarts,and secondly
beingguidedalongthe path.In somesituationsthe �rst phasemay not be needed
(e.g.,thepathmayalwaysbecomputedto includetheknown locationof the robot
or therobotcouldalwaysbetold wherethestartof thepathis.)

Oneimportantgoalin this �rst phaseis to avoid �ooding theentirenetwork with
messagesin anattemptto discover location.Algorithm 1 summarizesa methodfor
guidingtherobotto thepath.For example,for therobotto �nd thepath,�rst one(or
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Algorithm 1 TheFindPathalgorithmto gettherobotto thestartof thepath.

The sensordoesthis to announcethe location of a path start to the robot.

if Incomingmessageis aPathMessageAND thissensoris at thestartof apaththen
BroadcastFindRobotMessagewith 0 degreeheadingto MAXRANGE distance
BroadcastFindRobotMessagewith 120degreeheadingto MAXRANGE distance
BroadcastFindRobotMessagewith 240degreeheadingto MAXRANGE distance

elseif Incomingmessageis aFindPathMessage then
if Thissensoris storingapathstartlocationthen

BroadcastaPathStartMessage
elseif Incomingmessageis aPathStartMessage then

Computedistanceto vectorfrom pathstartto robot.
if distance< PathMessage.PathWidth then

// Forwardmessagetowardstherobot.
RebroadcastPathStartMessage

The robot doesthis to �nd the start of the path.

while foreverdo
// Seekthepathstart
BroadcastFindPathMessagewith 0 degreeheadingto MAXRANGE distance
BroadcastFindPathMessagewith 120degreeheadingto MAXRANGE distance
BroadcastFindPathMessagewith 240degreeheadingto MAXRANGE distance
if A PathStartMessage is receivedthen

Storelocationof startof path.
Headfor startof path.
break

all) of thesensorsthatknow they arenearthestartof thepathsendoutthreemessages
that containthe locationof the startof the path.The messagesalsoeachcontaina
heading,set120 degreesapart4, a width for the vector they will travel along,and
a maximumrangebeyond which they arenot intendedto travel. The messagesare
forwardedout to thatrangein eachof thethreedirections.Thesensorsthatforward
themessagesstorethelocationof thestartof thepath.

Therobotat somelatertime sendsout thesamesortof messagesin threedirec-
tions.If therobotandpathstartarein rangeof eachother's messages,themessage
pathswill cross(due to using a 120 degreedispersalangle.)The sensor(s)at the
crossingwill have a storedlocationfor the startof the pathanda locationfor the
robotandcansendadirectionalmessage(perhapswith agraduallyincreasingwidth
sincetherobotmayhavemovedslightly) backto therobottelling it wherethestartof
thepathis. In thiswayonly thesensorsalongspeci�c linesextendingto amaximum
rangecarrymessagesinsteadof theentirenetwork.

4Otherpatternsof radiation(a starpatternof 72 degrees)might increasethelikelihoodof
interceptsoccurring,thoughthey alsoincreasethenumberof sensorsinvolved.
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Algorithm 2 TheQueryPathalgorithmfor robotguidance.
while foreverdo

// Seekpathinformationfrom thesensors
BroadcastaQueryOnPathmessage
Listenfor the�rst sensorto reply
if asensorreplieswith anOnPathAck messagethen

SendaQueryPathmessageto thatsensor
// Thesensorshouldreplywith a list of PathSegmentsit is on
if thatsensorreplieswith aQueryAck messagethen

StorethePathSegmentsfrom theQueryAck messagein orderof precedence.
// Guidetherobot
if RobothasreachedcurrentWaypointthen

Getnext Waypointfrom list in orderof precedence
Headfor next Waypoint

After the initialization phasethat placesthe robot on the path, the navigation
guidancealgorithmsummarizedasAlgorithm 2 is usedto control themotiondirec-
tion of therobot.Therobotstartsby broadcastingaQueryOnPath messagewhich
includesthesender's id andlocation.A sensoron thepaththatreceivesthismessage
replieswith a QueryAck messagewhich includesthe pathsection,someconsec-
utive way points,andan indicationof wheretheseway points�t into the path.By
gatheringlists of segmentsfrom multiple sensorsthe entirepathcanbe assembled
incrementallyasthe robotmoves.Pathsthat crossthemselvesallow for somefault
tolerancein the robot's knowledgeof the path,sinceif the robot losesthe path,it
mayhave a futuresegmentof it alreadystoredif it haspassedanintersection.

Oncethe robot hasacquiredpathsegmentsfrom a sensor, it can thenarrange
themin orderof precedenceandfollow themin order. Thusthepathitself is inde-
pendentof thesensor's own locationandcanbespeci�ed to any level of precision
needed.

4 Experiments

4.1 Experimental Testbed

Theexperimentswerecarriedout on September17,2003in thePlanetaryRobotics
Building atCMU. Weimplementedtherobot-assistedlocalizationalgorithmandthe
sensor-assistedguidancealgorithmon an experimentaltestbedconsistingof a sen-
sornetwork with 54 Mica Motes[4,5] anda �ying robot.The�ying robotconsists
of 4 computercontrolledwinches(implementedusingAnimaticsSmartmotors)lo-
catedat thecornersof a squarewith cablesgoingup to pulleys at roof heightthen
down to a commonpoint above the `�ying' platform. The craneis controlledby
a server programrunningon a PC.Commandsandstatusarecommunicatedusing
the IPC protocol(seewww.cs.cmu.edu/afs/cs/project/TCA/www/ipc).The platform
comprisesa single-boardPentium-basedcomputerrunningLinux, with an 802.11
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Fig. 2. Theexperimentaltestbedconsistingof 49Moteson thegroundandthe�ying robot.

link andanon-boardseriallyconnectedbasestationMote, to communicatewith the
sensor�eld. Therobothasaworkspacealmost10m squareand4 m high.

Weuseda7x7grid of sensors,laid outwith a1 meterspacing.Thecenterof the
grid was(0,0) andthe sensorswereplacedstarting0.5 metersfrom the center, see
Figure3(a)wherethediamondsrepresentthesurveyedpositionsof themotes.

TheFlashlightsensorinterface[7] wasusedto adjusttheRF power of thesen-
sorsin thegrid to anoptimallevel for communicationwith therobotasit traveled1-2
metersabovethesensors(thiswasatrial-and-erroradjustment,graduallyincrement-
ing themotepoweruntil therobotwasgettinggoodcommunications)Themotesran
TinyOS0.6with long (120bytepayload)messages.

4.2 Localization results

During localizationthe�ying robotfolloweda preprogrammedserpentinepath,see
Figure 3(a). Onceper secondthe �ying computerobtainedits currentcoordinate
from the control computerusing IPC over the 802.11link, andbroadcastthis via
thebasestationmote.Eachgroundmoteusedthebroadcaststo computea centroid
basedlocationfor itself. Figure3(a)showstherobotpathandthelocationof eachof
thebroadcaststhemotesreceived.It is clearthatthemotesdo not receive messages
uniformly from all directions,motes6 and7 aregoodexamplesof this. We specu-
latethatthis is dueto thenon-sphericalantennapatternsfor transmitterandreceiver
motes,aswell asmaskingby the body of the �ying platform itself. The motesre-
ceived betweenabout2 and16 broadcastseachascanbe seenin Figure3(b) with
a medianvalueof 10.Figure3(c)shows a histogramof thedistancesover which the
broadcastmessageswerereceived,amaximumof 3mandamedianof 1m.

Eachmotecomputesits locationusing the centroidof all received broadcasts,
but canstoreup to 200 localizationbroadcastsfor downloadandanalysis.Figure
4(a)shows thetrueandestimatedmotelocations.We canseea generalbiasinward
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Fig. 3. Localizationresults.(a) Mote �eld showing path of robot and broadcastpositions,
andall broadcastsreceived.(b) Numberof localizationmessagesreceivedby eachnode.(c)
Histogramof distancesfrom moteto broadcast.

andthiswouldbeexpectedgiventhethebiasin thedirectionfrom whichbroadcasts
werereceived.Figure4(b) shows a histogramof theerrormagnitudesandindicates
a maximumvalueof 1.4m anda medianof 0.6m which is approximatelyhalf the
grid spacing.This level of performancematchesour previous resultsobtainedwith
experimentswith a realhelicopteranddifferentialGPS[2].
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Fig. 4. Localizationperformanceusingcentroidmethod.(a) Actual (� ) andestimated(*) lo-
cation.(b) Histogramof errorvectorlength.
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Fig. 5. Pathfollowing performance.Theactualpathfollowedby therobot is shown in black,
andtheasterisksindicatewaypoints.Thepathstartedatnode7.

4.3 Path following results

Oncelocalized,a PATH messagewas sentfrom a basestationto establisha path
throughthemote�eld. ThePATH messagepropagatedusingthealgorithmdescribed
in [2]. Thentherobotwasturnedloosein apathfollowing mode,usingthepathfol-
lowing algorithmin [2]. It queriedfor pathwaypointsandbuilt upalist of waypoints
asit followed the path.We experimentedwith a squarepath(aroundthe borderof
thegrid) andanX shapedpath(cornerto centerto corner).Therobotfollowedboth
typesof pathperfectly. Eventhoughthelocalizationof themoteswasnot perfect,it
wassuf�cient to supportthegeographicroutingof thePATH messagewith a 1 me-
ter width. Theactualpathitself wasstoredasperfectlypreciseinformationin these
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motesandhencetherobotwasableto getprecisewaypointsto follow, resultingin
perfectpathfollowing (within thetolerancesof thesystem)asshown in Figure5.

Sincethereweremultiple motesalongeachsegmentof the path,therewasre-
dundantinformationin the sensor�eld in caseany of the moteswerenot working
(andasit later turnedout about6-7 of themwerenot duringeachtest,eitherdueto
defunctradios,or dueto nothearingany messagesfor otherreasons.)

5 Conclusion

We have describedhow robotsandsensornetworks canfunction synergistically to
performtaskssuchaslocalizationandguidance.Simulationstudiesprovide insight
into the achievableperformanceof variouslocalizationmethods,andexperimental
resultsareprovided.Thelocalizationapproachdoesnotrequireinter-sensorcommu-
nications.New algorithmsfor pathfollowing arepresentedalongwith experimental
validation.
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