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We considermulti-robot systemsthat include sensornodesand aerial or ground
robotsnetworkedtogetherWe describewo cooperatie algorithmsthatallow robots
and sensorgo enhanceeachothers performanceln the rst algorithm,an aerial
robot assiststhe localization of the sensorsin the secondalgorithm, a localized
sensonetwork controlsthe navigationof anaerialrobot.We presenphysicalexper
imentswith an ying robotandalarge Mica Mote sensomnetwork.

1 Intr oduction

We wish to develop distributed networks of sensorsaand robotsthat perceve their
ervironmentandrespondo it, anticipatinginformationneededdy the network and
by usersof the network, repositioningand organizing themseles to bestacquire
anddeliver thatinformation. Thesenetworks, thousand®f small sensorsequipped
with limited memory sensing,communicationand actuationcapabilitieswill au-
tonomouslyorganizethemselesandmove to tracka sourceandcorvey information
aboutits locationto a humanuser andto therestof the system.

In this paperwe discusghe cooperatiorbetweera groundsensometwork anda
ying robot.We assumehatthe ying robotis connectedy point-to-pointcommu-
nicationwith a groundsensometwork. The nodesof the sensometwork aresimple
andthey supportlocal sensingcommunicationandcomputation.The communica-
tion rangeof all nodesis limited, but the resultingmobile sensometwork supports
multi-hop messagingThe ying robot makesthe sensometwork localizationeasy
by providing accesgo GPSdatato all nodes.In turn, the sensometwork helpsthe
navigation of the ying robot by providing information outsidethe robot's imme-
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diatesensorrange.ln our previouswork [2] we discusshe detailsof robot-assisted
localization.In this papemwe summarizeobot-assistetbcalization discusswvhy it is
hard,andpresenta new sensotassistedobotguidancealgorithm.We alsodescribe
new experimentalresultswith an integratedtestbedfor robot-assistedocalization
andsensorassistedjuidance.

2 Robot-assistedocalization

Groundsensometworks are usually deployed on-demandso that the location of
the sensorsnay not always be presettabldy the deploymentsystem.Onceon the
groundthesensorsicquirdocationinformationautonomouslandform adistributed
systemTheindividual sensonodesaretoo simpleto includecomple sensorsuch
asGPS orto supportcomple informationprocessingasksestimatingocationfrom
rangemeasurements.

Thenodelocalizationproblemhasbeenpreviously discussedby othersandusu-
ally requiresestimatesof inter-nodedistance,a dif cult problem.Simi¢ 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 ed beaconavith known position.Galystyanetal.[3] de-
scribeda constraint-basedhethodwherebyan individual nodere nes its position
estimatebasedon locationbroadcastérom a moving agent.We wish to addresghe
sensolocalizationproblemin a uniform andlocalizedway, withoutrelying on bea-
consor pre-localizechodeswhile minimizing the numberof broadcastsequired.

In [2] weintroducedheideaof robot-assistetbcalization,anapproacho local-
izationthatis orthogonato this previouswork, doesnot requireinter-nodecommu-
nication,andis suitablefor sensometworks deployed outdoors.For a large sensor
network the location requirementcould be limiting sinceit would be impractical
(for reasonf costandpower consumption¥or eachnodeto have GPScapability
However, amobileaerialrobotequippedvith a GPSsystencanassisthesensorso
localize.The aerialrobotsweepsacrosghe areaof the sensometwork, for example
alonga randompathor a pathde ning a grid, broadcastingsPScoordinatesThe
sensorgrocessall broadcastshey hearand estimatetheir location. If the mobile
nodebeamsmessagesontainingits positionp; = (X;; yi) ary sensorseceve the
messagwvith signalstrengtts;, asimpleaveragingorocedureanestimateasensors
locationasthe centroidof the setof GPSlocationsheardover time. Othermethods
discussedn [2] includetaking just the strongesteceved signal, a signal strength
weightedmean,a median,a setintersectionapproachas suggestedy Galystyan
etal.[3]. Thelatterrequiresa parametewhich is the notionalreceptionrangeof the
radio,assumedo be circular Note thatalgorithmsmean wmean andmedian can
be modi ed sothatthe estimateis only updatedwvhens; > sp,;n which arti cially
reduceghesizeof theradiocommunicationsegion.
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2.1 Challengeswith Distrib uted Localization

In the robot-assistedbcalizationalgorithm,the robot regularly broadcastds loca-
tion. Whenwithin the receptionrangeof the sensorthesebroadcastgrovide input
to thelocalizationalgorithm.Thereceptiorrangeis not symmetricadueto thelobe
shapeof both the transmittingandreceving radiosinvolved, terrain,etc. Sincethe
asymmetrydependson the relative orientationof both antennast will vary from
encounteto encounterwhich highlightstwo problems.

1. The asymmetryis not known apriori, so the bestwe cando is to approximate
the centerof the radio receptionrange,i.e., assumehe sensoris at the center
of the radio receptionrange.Node 7 in Figure 3(a) shavs an extreme caseof
directionalreception.

2. With relatively few measurementsccurringwithin thereceptiorrangethe esti-
mateof centroidwill bebiased.

The rst problemis not solvablegivencurrentradiosMultiple encounterst dif-
ferentrelative antennarientationsmight provide somerelief, but wouldincreasehe
time andcostof ary post-deplgmentlocalizationphase.

Therearewaysto improve the secondoroblemhowever:

1. Increasethe rate at which position broadcastsre sent,giving more samples
within thereceptiorrange andimproving the estimateof the centroid.

2. Increasehe size of the receptionrangein orderto acquiremoresamplesOne
way to do this would be to relay messagebetweencloseneighbors perhaps
basedn ahop-countestimateof distanceA disadwantageof this methodis that
theasymmetryproblemis likely to be exacerbated.

3. Decreasghe size of the receptionrange,perhapssombinedwith improvement
#1,sothatthosebroadcastshatarerecevedoriginatevery closeto the sensor

In early simulationstudieswe obsenred that the localizationresultis strongly
dependenbn the pathof the robotwith respecto the deployed nodes.To sidestep
this dependenchile testingobsenations(1-3) above our simulationusesa x ed
serpentingobotpathand100sensorsleployedrandomlywith auniformdistribution
in asquareregion 100 100m (meaninternodespacingis 17m). The robot starts
attheorigin in thelower-left corner moves100mto theright, up 20m,100mto the
left, thenup another20m andrepeatghe cycle. The total time to executethis path
is 1 unit, andwe investicatethe effect of changingthe broadcasinterval. Theradio
propagtionmodelassumethatsignalstrengthdecreasewith distanceandbecomes
zeroatthe maximumdistanceparametewhich we alsovary.

For eachsetof simulationparameterssuchasradiorangeor positionbroadcast
rate,we computemeanand maximumlocalizationerror We repeatthe experiment
100times,andcomputesecond-ordestatistics For eachexperimentfor eachnode,
we run the 5 localizationalgorithmspreviously describedFigure 1 shavs someof
theresults.
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Fig. 1. Meanlocalizationerror from the Monte Carlo study usingthe ve methodsof [2].
(a) Effect of varying the broadcastnterval (transmitrange= 15m). (b) Effect of varyingthe
transmissiomadius(dt=0.02).

We obsene thatasthe numberof broadcastincreasegie. broadcastarecloser
together}thelocalizationerrordecreaseandreaches plateauat aroundsm or bet-
ter. The methodstrongestperformsleastwell while constr performsbest.For a
given numberof broadcasts50, along the pathwe investigate the performanceof
the methoddor varying transmitradius.We seethatthe methodconstr, previously
astrongperformer breaksdowvn whenthe actualandassumedransmitradii arenot
equal.Thebestperformerin this testis wmean thoughmeanalsobehaeswell.

3 Sensorassistednavigation

A localizedset of sensorscan facilitate the aerial robot's navigation by encoding
pathinformationwhich providestherobotwith point-by-pointnavigationdirections
usingnetworking. Thepathcanbecommunicatedo therobotby thegroundsensors.
The sensometwork canemplgy mappingalgorithmssuchasthosedescribedn [6]
to computeadaptve, time-varying pathsto events.Oneapplicationof this approach
is in the areaof monitoringandsuneillance,wherethe sensometwork may detect
somethinghatrequiresfurther investication with a more complex sensoysaywith
the cameraon boardof the ying robot.

Supposea pathis storedin the sensoreld. Sensotassistechavigation for the
ying robot hastwo phases:rstly gettingto wherethe path starts,and secondly
beingguidedalongthe path.In somesituationsthe rst phasemay not be needed
(e.g.,the pathmay alwaysbe computedo includethe known locationof the robot
or therobotcouldalwaysbetold wherethe startof the pathis.)

Oneimportantgoalin this rst phasésto avoid ooding theentirenetwork with
messagem anattemptto discover location.Algorithm 1 summarizes methodfor
guidingtherobotto the path.For example for therobotto nd thepath, rst one(or
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Algorithm 1 TheFindPathalgorithmto gettherobotto the startof the path.

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

if Incomingmessagés a PathMessge AND this sensoiis atthe startof apaththen
BroadcasFindRobotMessge with 0 degreeheadingo MAXRANGE distance
BroadcasFindRobotMessge with 120degreeheadinggo MAXRANGE distance
BroadcasfFindRobotMessge with 240degreeheadingo MAXRANGE distance
elseif Incomingmessagés a FindPathMessge then
if This sensoiis storinga pathstartlocationthen
Broadcast PathStartMessge
elseif Incomingmessagés a PathStartMessge then
Computedistanceto vectorfrom pathstartto robot.
if distance< PathMessge.PathWdth then
/I Forward messag¢owardstherobot.
RebroadcadPathStartMessge

The robot doesthis to nd the start of the path.

while foreverdo

/I Seekthe pathstart
BroadcasFindPathMessge with 0 degreeheadingo MAXRANGE distance
BroadcasFindPathMessge with 120 degreeheadingo MAXRANGE distance
BroadcasFindPathMessge with 240degreeheadingo MAXRANGE distance
if A PathStartMessge is recevedthen

Storelocationof startof path.

Headfor startof path.

break

all) of thesensorshatknow they arenearthestartof thepathsendoutthreemessages
that containthe location of the startof the path. The messagealsoeachcontaina
heading,set 120 degreesapart, a width for the vectorthey will travel along,and
a maximumrangebeyond which they arenot intendedto travel. The messageare
forwardedout to thatrangein eachof the threedirections.The sensorghatforward
themessagestorethelocationof the startof the path.

Therobotat somelatertime sendsout the samesortof messages threedirec-
tions. If therobotandpathstartarein rangeof eachother's messageghe message
pathswill cross(dueto usinga 120 degreedispersalangle.) The sensor(shat the
crossingwill have a storedlocationfor the startof the pathanda locationfor the
robotandcansendadirectionalmessagéperhapawvith agraduallyincreasingvidth
sincetherobotmayhave movedslightly) backto therobottelling it wherethe startof
thepathis. In thisway only the sensorsalongspeci ¢ linesextendingto amaximum
rangecarry messagemsteadof the entirenetwork.

“Otherpatternsof radiation(a starpatternof 72 degrees)mightincreasehelik elihoodof
interceptccurring thoughthey alsoincreasehe numberof sensorsnvolved.



6 Corke, PetersorandRus

Algorithm 2 The QueryRithalgorithmfor robotguidance.
while foreverdo

/I Seekpathinformationfrom thesensors

Broadcast QueryOnRth message

Listenfor the rst sensoto reply

if asensoreplieswith anOnPathAdk messagé¢hen
Senda QueryRath messagéo thatsensor
/I Thesensorshouldreply with alist of PathSgmentst is on
if thatsensoreplieswith a QueryA& message¢hen

Storethe PathSgmentsrom the QueryA& messagén orderof precedence.

/l Guidetherobot

if RobothasreachecturrentWaypointthen
Getnext Waypointfrom list in orderof precedence
Headfor next Waypoint

After the initialization phasethat placesthe robot on the path, the navigation
guidancealgorithmsummarizedisAlgorithm 2 is usedto controlthe motiondirec-
tion of therobot. Therobotstartsby broadcastingg QueryOnPath messag&vhich
includesthesendersid andlocation.A sensoonthe paththatrecevesthismessage
replieswith a QueryAck messageavhich includesthe pathsection,someconsec-
utive way points,andan indication of wheretheseway points t into the path.By
gatheringlists of sggmentsfrom multiple sensorghe entire pathcanbe assembled
incrementallyasthe robot moves. Pathsthat crossthemselesallow for somefault
tolerancein the robot's knowledgeof the path, sinceif the robotlosesthe path, it
may have a future sgmentof it alreadystoredif it haspassednintersection.

Oncethe robot hasacquiredpath segmentsfrom a sensorit canthenarrange
themin orderof precedencandfollow themin order Thusthe pathitself is inde-
pendenbf the sensors own locationandcanbe speci ed to ary level of precision
needed.

4 Experiments

4.1 Experimental Testbed

The experimentsverecarriedout on Septembefl7,2003in the PlanetaryRobotics
Building at CMU. We implementedherobot-assistetbcalizationalgorithmandthe
sensotassistedyuidancealgorithmon an experimentaltestbedconsistingof a sen-
sornetwork with 54 Mica Motes[4,5] anda ying robot.The ying robotconsists
of 4 computercontrolledwinches(implementedisingAnimatics Smartmotors)lo-
catedat the cornersof a squarewith cablesgoing up to pulleys at roof heightthen
down to a commonpoint above the " ying' platform. The craneis controlledby
a sener programrunningon a PC. Commandsand statusare communicatedising
the IPC protocol(seevww.cs.cmu.edu/afs/cs/project/ TCA/www/ipd)he platform
comprisesa single-boardPentium-basedomputerrunning Linux, with an 802.11
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Fig. 2. The experimentakestbedconsistingof 49 Moteson thegroundandthe ying robot.

link andan on-boardserially connectedasestatioMote, to communicatewvith the
sensoreld. Therobothasaworkspacealmostl0m squareand4 m high.

We useda 7x7 grid of sensorslaid outwith a1 meterspacing.The centerof the
grid was(0,0) andthe sensorsvere placedstarting0.5 metersfrom the center see
Figure3(a) wherethe diamondgepresenthe sureyed positionsof the motes.

The Flashlightsensoiinterface[7] wasusedto adjustthe RF power of the sen-
sorsin thegrid to anoptimallevel for communicatiorwith therobotasit traveled1-2
metersabove thesensorgthis wasatrial-and-erroadjustmentgraduallyincrement-
ing themotepower until therobotwasgettinggoodcommunicationsThemotesran
TinyOS 0.6 with long (120 byte payload)messages.

4.2 Localization results

During localizationthe ying robotfolloweda preprogrammederpentingath,see
Figure 3(a). Onceper secondthe ying computerobtainedits currentcoordinate
from the control computerusing IPC over the 802.11link, and broadcasthis via
the basestatiormote. Eachgroundmote usedthe broadcast$o computea centroid
basedocationfor itself. Figure3(a)shavs therobotpathandthelocationof eachof
thebroadcastshe motesreceved. It is clearthatthe motesdo not receve messages
uniformly from all directions,motes6 and7 are goodexamplesof this. We specu-
latethatthisis dueto the non-sphericahntenngatterngor transmitterandrecever
motes,aswell asmaskingby the body of the ying platformitself. The motesre-
ceived betweenmabout2 and 16 broadcastgachascanbe seenin Figure 3(b) with
amedianvalueof 10. Figure3(c)shawvs a histogramof the distanceover which the
broadcastmessagewerereceved,a maximumof 3manda medianof 1m.
Eachmote computests location using the centroidof all received broadcasts,
but canstoreup to 200 localizationbroadcastf$or download and analysis.Figure
4(a) shavs the true andestimatednotelocations.We canseea generabiasinward
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Fig. 3. Localizationresults.(a) Mote eld shaving path of robot and broadcaspositions,
andall broadcastseceved. (b) Numberof localizationmessageseceved by eachnode.(c)
Histogramof distancegrom moteto broadcast.

andthis would be expectedgiventhethebiasin thedirectionfrom which broadcasts
werereceved. Figure4(b) shavs a histogramof the errormagnitudesandindicates
a maximumvalue of 1.4manda medianof 0.6mwhich is approximatelyhalf the
grid spacing.This level of performancenatchesur previous resultsobtainedwith
experimentswith arealhelicopteranddifferential GPS[2].
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Fig. 5. Pathfollowing performanceThe actualpathfollowed by the robotis showvn in black,
andtheasterisksndicatewaypoints.The pathstartedatnode?.

4.3 Path following results

Oncelocalized,a PATH messagevas sentfrom a basestationo establisha path
throughthemote eld. ThePATH messageropagtedusingthealgorithmdescribed
in [2]. Thentherobotwasturnedloosein a pathfollowing mode,usingthe pathfol-
lowing algorithmin [2]. It queriedfor pathwaypointsandbuilt up alist of waypoints
asit followed the path.We experimentedwith a squarepath (aroundthe borderof
thegrid) andan X shapedath(cornerto centerto corner).Therobotfollowedboth
typesof pathperfectly Eventhoughthe localizationof the moteswasnot perfect,it
wassufcient to supportthe geographiaouting of the PATH messagevith a1 me-
terwidth. The actualpathitself wasstoredasperfectlypreciseinformationin these
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motesandhencethe robotwasableto get precisewaypointsto follow, resultingin
perfectpathfollowing (within thetolerance®f the system)asshawvn in Figure5.
Sincetherewere multiple motesalongeachsegmentof the path,therewasre-
dundantinformationin the sensoreld in caseary of the moteswere not working
(andasit laterturnedout about6-7 of themwerenot during eachtest,eitherdueto
defunctradios,or dueto not hearingary messagefor otherreasons.)

5 Conclusion

We have describechaw robotsand sensometworks canfunction synepistically to

performtaskssuchaslocalizationandguidance Simulationstudiesprovide insight
into the achievable performanceof variouslocalizationmethodsand experimental
resultsareprovided. Thelocalizationapproachdoesnotrequireintersensocommu-
nications.New algorithmsfor pathfollowing arepresentedlongwith experimental
validation.
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