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Abstract

This paperintroducestheapplicationof a sensornetwork to navigatea �ying
robot. We have developeddistributedalgorithmsandef�cient geographicrout-
ing techniquesto incrementallyguide one or more robots to points of interest
basedon sensorgradient�elds, or alongpathsde�ned in termsof Cartesianco-
ordinates.Theseincludea distributedrobot-assistedlocalizationalgorithm,a dis-
tributedcommunication-assistedpathcomputationalgorithmfor the robot anda
distributedcommunication-assistednavigationalgorithmto guidethe robot. The
robotitself is anintegral partof thelocalizationprocesswhich establishesthepo-
sitionsof sensorswhich arenot known a priori. Thesensornetwork is anintegral
partof thecomputationandstorageof therobot'spath.

We usethis systemin a large-scaleoutdoorexperimentwith Mote sensorsto
guidean autonomoushelicopteralonga pathencodedin the network. We also
describehow ahumancanbeguidedusingasimplehandhelddevicethatinterfaces
to thissameenvironmentalinfrastructure,

1 Intr oduction

We wish to createmoreversatileinformationsystemsby usingnetworkedrobotsand
sensors:thousandsof small low-costsensorsembeddedin the environment,mobile
sensors,robots,and humansall interactingto cooperatively achieve tasks. This is
in contrastto today's robotswhich arecomplex monolithic engineeredsystemsthat
operatealone.

Recentadvanceshave shown the possibilitiesfor low-costwirelesssensors,with
developmentssuchas the Mica Mote [23,24] and the singlechip called “Spec” [1]
alongthe pathto the ultimategoal of smartdust. OthertechnologiessuchasAutoId
will soonembeda wirelessdevice with a globally uniqueidenti�er into every manu-
facturedarticle.This leadsto a paradigmshift in roboticswhich hastraditionallyused
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a small numberof expensive robot-bornesensors.The new modelis ubiquitoussen-
sorsembeddedin theenvironmentwith which the robot interacts:to deploy them,to
harvestdatafrom them,andto taskthem.

A robotnetwork consistsof a collectionof robotsdistributedover someareathat
form an ad-hocnetwork. The nodesof the network may be heterogeneousand in-
cludemobile robots,mobile andstaticsensors,even peopleor animals. Eachsensor
is equippedwith somelimited memoryandprocessingcapabilities,multiple sensing
modalities,andcommunicationcapabilities.Thuswe extendthenotionof sensornet-
workswhich hasbeenstudiedby thenetworking communityfor staticsensorsto net-
worksof robotsthathave naturalmobility. An ad-hocnetwork is a temporarywireless
network formedwithout theaidof any establishedinfrastructureor centralizedadmin-
istration.Thisnetwork cansupportrobot-robotcommunications,or in a �rst responder
scenarioalso supporthuman-human,human-roboticand sensor-humancommunica-
tions.Suchsystemsarewell-suitedfor tasksin extremeenvironments,especiallywhen
thereis no computationandcommunicationinfrastructureandtheenvironmentmodel
andthetaskspeci�cationsareuncertainanddynamic.For example,acollectionof sim-
ple robotscanlocatethesourceof a �re or chemicalleakby moving alonga sensory
signalgradient.

Figure1: (Left) Helicopterin theair over theoutdoorsensornetwork consistingof 54
Motes[23,24]. TheMotessit on topof thedark�o werpots.(Right)Theexperimental
testbedconsistingof 49Moteson thegroundandthe�ying robotsimulator.

Navigationis anexampleof how simplenodesdistributedoveralargegeographical
areacanassistwith global tasks.Thenodessamplethestateof thelocal environment
andcommunicatethatto nearbyneighbors,eithercontinuouslyor in theeventof some
signi�cant change.Hop-by-hopcommunicationis usedto propagatethis information
anddistribute it throughoutthe network. For example,considerdispersinga sensor
network over a largeforestto monitorforest�res. Thesensorsaredroppedfrom a �y-
ing robotandthey localizeusingGPSlocationsbroadcastby therobot.Oncelocalized,
they senseandpropagatetemperaturelevelsto computea temperaturegradientfor the
region. Theoccurrenceof anew �re will besignaledautomaticallyacrossthenetwork.
In addition,thesensornetwork canlocally computetheshortestpathto the�re to guide
�re�ghters, andindicatethe safestpathto exit for otherpeople. The sensornetwork
canupdatethesepathin real-timeaccommodatingchangesdueto environmentalcon-
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ditionssuchasshifting winds. Thesameinformationcanbeusedto guidesearchand
rescueteamsto thehumansalongdifferentpaths.Thus,multiple goalsandpathscan
co-exist within thesystem.

Robotguidanceis achievedby the interactionbetweentherobotanda local node
whichhasaccessto globalstatevia thenetwork. Thereverseis alsopossible,therobot
may inject datainto the network basedon its superiorsensoryor reasoningcapabil-
ity, for examplecon�guring the network by reprogrammingits nodes,synchronizing
clocks,deploying new sensorsto �ll in communicationgaps,or calibratingsensorsby
transmittingreferencevaluessensedby therobot.Theability to re-taskandreposition
sensorsin anetwork by sendingstatechangesor uploadingnew codegreatlyenhances
the utility of sucha network. It allows differentpartsof the network to be tailored
to speci�c tasks,capabilitiesto beaddedor changed,andinformationto bestoredin
the nodesin the network. The capabilitiesof robotsor peopleis extendedthrough
interactionwith the network, extendingtheir sensesandability to act over a massive
area.

In this paperwe discussthe cooperationbetweena groundsensor-network anda
�ying robot. We assumethat the �ying robot is connectedby point-to-pointcommu-
nicationwith a groundsensornetwork. The nodesof the sensornetwork aresimple
andthey supportlocalsensing,communication,andcomputation.Thecommunication
rangeof all nodesis limited, but the resultingmobilesensornetwork supportsmulti-
hopmessaging.The�ying robotfacilitatessensornetwork localizationby makingGPS
dataavailableto all nodes.In turn, thesensornetwork helpsthenavigationof the�y-
ing robotby providing informationoutsidetherobot's immediatesensorrange.In our
previouswork [14] we introducerobot-assistedlocalization. In this paperwe discuss
in detailalgorithmsfor nodelocalizationandnodenavigationthatusecommunication.
Our algorithmsarebasedon ef�cient geographicroutingmethodsthatminimizenet-
work powerconsumptionandradiocongestion.Theseconceptshave beenexperimen-
tally validatedwith a physical sensornetwork consistingof 54 Mote sensors[23,24]
andanautonomoushelicopter. Finally, wepresentextensionsto guidinghumansalong
safepaths.

1.1 RelatedWork

Sensornetworksaread-hocnetworks,built without any existing infrastructure,where
eachnodecansense,compute,andcommunicateto nearbyneighbors.Mobile robot
networksaresensornetworkswhosenodesmove undertheir own control. Massively
distributedsensornetworks arebecominga reality [23]. Importantcontributionson
which this work builds include [2, 7–9,15,16,32,36,42]. Sensornetwork mobility
issuesarediscussedin [5]. Otherkey resultsin controlling sensornetworks include
nodedesign,routing,controlof informationgathering,representationof information,
andin-network informationprocessing[10,11,19,22,23,30,37,38,43–45]. Muchwork
in sensornetworksbuilds on resultsin ad-hocnetworksthataddressthelimitationsof
wirelessnetworks (low bandwidth,high error rates,low power, disconnections)[3,4,
12,20,21,21,25,26,28,28,29,31,33,33,34,42].

Thenodelocalizationproblemhasbeenpreviouslydiscussedby othersandusually
requiresestimatesof inter-nodedistance,a dif�cult problem. Simić andSastry[40]
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presenta distributedalgorithmthat localizesa �eld of nodesin thecasewherea frac-
tion of nodesarealreadylocalized.Bulusuetal.[6] proposea localizationmethodthat
uses�x ed beaconswith known position. Galystyanetal. [17] describeda constraint-
basedmethodwherebyan individual nodere�nes its positionestimatebasedon lo-
cationbroadcastsfrom a moving agent. We wish to addressthe sensorlocalization
problemin a uniform and localizedway, without relying on beacons,pre-localized
nodes,or inter-nodecommunications.Ganesanetal.[18] show thatin reality (for Rene
Moteswhich usethesametransceiver astheMica Motes)thecommunicationsregion
hasacomplex non-circularshapeandthattheprobabilityof messagereception,aswell
assignalstrengthvariesin a complex mannerwith distance[39]. Theseobservations
accordwith our experimentalexperience.All resultsreportedto datehave beenbased
on simulationandassumea circular radio communicationsregion which is far from
reality.

2 Navigating with a SensorNetwork

Sensorssamplelocal stateinformation. They canperformsimplelocal computation,
storeinformationlocally or communicateit. We assumethatthesensorshave reliable
(but not perfect)communicationwith nearbyneighborsandnon-reliablecommunica-
tion with the restof thenetwork. Thesensorsform anad-hocnetwork. Thenetwork
canbeextendedto includemobilenodessuchas�ying robots,groundrobots,or hu-
mans.

We have developedandimplementeda controlalgorithmthatallows �ying robots
to �y alongpathscomputedadaptively by a sensornetwork andcommunicatedincre-
mentallyto therobot.Theinformationnecessaryfor navigationis distributedbetween
therobotandthenetwork. Thenetwork containslocaldataabouttheenvironmentand
canusethis datato generateglobal maps,while the robot hasinformationaboutthe
task.Wearealsoableto embedapath,computedexternallyor by thenetwork, into the
network itself.

Our �ying robot canbe thoughtof asa mobile nodein the sensornetwork. The
�ying robotis equippedwith asensornodethatallowstherobotto benetworkedto the
restof thesystem.Therobotdoesnothavedirectaccessto reMotesensordatabecause
the communicationrangesare limited and thereis no other infrastructureavailable
to the robot. However, by using ad-hocrouting, navigation information that takes
the entire region into accountcan be deliveredto the robot. This datadistribution
is usefulfor applicationswherethepathof the�ying robotdependson environmental
conditions.Therobot'saccessto datameasuredandcommunicatedby reMotesensors
via the network allows it to respondquickly to distanteventsand adjustits actions
accordingly.

Theproblemcanbe formulatedasfollows. A sensornetwork is dispersedover a
largegeographicalarea(see[13] for asolutionto deployment).A �ying robotis tasked
to travel alonga pathacrossthis areato reachmultiple goallocationsthatmaychange
dynamically. Thesensornetwork computesthegoalsandthebestpaththatvisits each
goaladaptively. Notethatmultiple robotscanbeguidedto differentgoalsat thesame
time by the system,alongdifferentpaths. The robot, which is equippedwith a GPS
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receiver, is alsousedto initially localizethenodes.
Realizingthis typeof cooperative controlof a mobilerobotrequiresthreecapabil-

ties. The nodesin the sensornetwork needlocation information in order to support
pathcomputation.Thenodesin thenetwork mustbeableto ef�ciently compute,mod-
ify, andstorea pathfor the mobile robot. The mobile robot mustbe ableto interact
with thesensornetwork to receive thepathandto respondto changesin thepath.The
following sectionsdetailthealgorithmsfor thesethreecapabilities.

2.1 Robot-assistedLocalization

In [14] we introducedthe ideaof robot-assistedlocalization,anapproachto localiza-
tion that is orthogonalto the previous work in localizationin that it doesnot require
inter-nodecommunicationandis suitablefor sensornetworksdeployedoutdoors.We
assumethatthesensorshavebeendeployedfrom therobotin awaythatcoversthearea
of interestuniformly but not necessarilyregularly. For very largesensornetworksthe
localizationrequirementcould be limiting sinceit is impractical(for reasonsof cost
andpower consumption)for eachnodeto have GPScapability. However, a mobile
aerialrobotequippedwith a GPSsystemcanassistthesensorsto localize. Theaerial
robotsweepsacrosstheareaof thesensornetwork, for examplealongarandompathor
a pathde�ning a grid, broadcastingGPScoordinates.Thesensorsincrementallypro-
cessall broadcaststhey receive to re�ne their estimatedlocation. The mobile node's
broadcastmessagescontainits positionpi = (x i ; yi ) andsensorsreceive themessage
with signalstrengthsi or notatall. Eachsensorlistensfor thebroadcastsandimproves
its locationestimateover timeusingoneof thefollowing six algorithms.

strongest Assumethat the strongestreceived messageso far is the bestestimateof
nodeposition,sinceit wassentwhentherobotwasnearest.

if si > smax then
smax = si

p̂ = pi

mean Assumethat thereceiver receptionpatternis a disk andthat therobotposition
is uniformly distributedwithin thatdisk,we canestimatethesensorpositionby
themeanrobotpositionp̂i = � i pi =N

wmean A re�nementof above andincreasingthesigni�canceof positionsbroadcast
from nearby, we usethesignalstrengthweightedmeanof thereceivedposition
astheestimatêpi = � i si pi =� i si

median Themedianstatistichasrobustnessto outlierdatap̂i = median(p1��� i )

constraint Considereachreceived positionasa constraint[17] on thenodeposition
which is consideredto lie within the rectangularregion Q. At eachstepwe
constrainthe nodeto lie in the intersectionof its currentregion, Q(k), anda
squareregionof sidelength2d centeredontheGPStransmission,thatis, Q(k +
1) = Q(k) \ [x(k) � d; x(k) + d] � [y(k) � d; y(k) + d]. Thepositionestimate
of thenodeis takenasthecentroidof theregion Q(k). Theparameterd should
re�ect thesizeof theradiocommunicationsregion.
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bound Considern directionsde�ned by unit vectorsu i 2 < 2. For eachbroadcast,
pi 2 < 2 we updatem i (k + 1) = maxm i (k); pi � u i the maximumdistance
alongdirectionu i that a messagewas received. The positionestimateof the
nodeis takenasthemeanp̂ = � m i u i =n. Thesimplestcaseis for four u i each
90deg apart.

Note thatalgorithmsmean, wmeanandmedian canbemodi�ed so that theesti-
mateis only updatedwhensi > smin which arti�cially reducesthesizeof the radio
communicationsregion. Algorithmsconstraint andbound aresimilar in estimatinga
boundonthenode's location:constraint estimatesaminimumbound,whereasbound
estimatesthemaximumboundonradioreception.Theconstraint methodhasaparam-
eterwhichneedsto beadjusted.Algorithm bf medianhasthedisadvantageof needing
to storeall messageswhichmaybeproblematiconmemorylimited hardware.

Oncewe have the ability to localizedeployed sensorswe areableto employ ef-
�cient routing techniquessuchasgeographicrouting, which increasesthe valueand
usefulnessof senseddataby taggingeventsto geographiclocation,aswell asusingthe
network to guidea robot.Theseconceptsarediscussedin thefollowing sections.

Figure2: A sensornetwork with a pathmarked by sensornodes. In responseto an
environmenttrigger, thesensornetwork computesanew pathfor thehelicopterandan
intermediatepathto guidethehelicopterto thenew path.

2.2 Communication-assistedPath Computation

Methodsto guidethe robot usinga sensornetwork fall into two main categories.
Firstly thesensornetwork with localizednodescanmonitor theenvironmentanden-
codeamapof theenvironmentin sensorspaceasdescribedin [32]. Suchamapcanbe
constructedincrementallyandadaptively asan arti�cial potential�eld usinghop-by-
hopcommunication.Areasof thesensornetwork wheresensorshave detectedevents
canberepresentedasobstaclesandhave repulsingpotentialvalueswhile thegoalhas
an attractingvalue. The potential�eld is computedby the obstacleandgoal sensors
diffusinginformationto their neighborsusinga messagethat includesits sourcenode
id, sourcenodelocationand the potentialvalue. Eachreceiving nodecancompute
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Algorithm 1 ThePathroutingalgorithm.
NewPathFlag = FALSE
if aPathMessage is receivedthen

// Ignorethemessageif it hasalreadybeenseen.I.e.,we
// areseeingthesamemessageresentfrom anothersensor.
if PathMessage.MessageID ! = oldMessageID then

oldMessageID = PathMessage.MessageID
// Checkif this sensoris on thepath.
while therearePathMessage.PathSegment s left in thePathMessage
do

CalculateminimumDistancefrom PathMessage.PathSegment to this
Sensor
if Distance< PathMessage.PathWidth then

// Thissensoris on thePath
First timehere,erasepreviouslystoredpath
NewPathFlag = TRUE
RebroadcastthePathMessage
Activatethissensorfor robotguidance
StorePathSegment
SegmentCount++

if NewPathFlag == FALSE then
// Thissensoris noton thepath.Checkif it should
// forwardthemessagetowardsthepath.
Computeheading1from Senderto thissensor.
Computeheading2from Senderto startof path.
Computedistancebetweenthis sensorand vector from Senderto start of
path.
if (abs(heading1 � heading2) < THRESHOLD) && (distance <
SETWIDTH) then

// Thissensoris in thedirectionof thestartof path.
RebroadcastthePathMessage .
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thedistancefrom thesource,basedon theencodedsourcelocationandits own known
location,andcomputethecomponentof thepotential�eld dueto thatmessage.

The remainderof this sectiondiscussesa secondmethodwe call Path Routing
whichenablesusto “embed”oneor morespathsadaptively in thesensornetwork. The
protocolis an instanceof geographicroutingtailoredto navigation [27]. Hop-by-hop
communicationis usedto identify the sensornodeslying on the path. A messageis
broadcastwhich containsa list of coordinates.Eachsensorthat receivesthemessage
checksto determineif it lieswithin pathwidthdistanceof a line connectingthecoordi-
nates.Sensorsthatbelongto thepathforwardthepathmessage,thosefurtherawaydo
not. Sensorsonthepathchangeaninternalstatevariableandstorepathdatawhichcan
laterbequeriedby themobilenodeandusedfor navigation.Comparedto �ooding pro-
tocols,whereall nodesreceive andforwardtheinformation,thepathroutingprotocol
greatlyreducestheamountof messagetraf�c, reducingnetwork congestionandnode
power consumption.It hasthedisadvantageof beingsusceptibleto gapsin thesensor
�eld, aroundwhichit cannotrouteif thegapcutsacrossthepath.Thiscanbealleviated
to someextent by choosingan appropriatepathwidth or by addingacknowledgment
messagesto assurethe pathmessagereachesits destination.An approachsimilar to
greedyperimeterrouting[27] couldalsobeusedto routearoundobstacles.Therestof
thissectionpresentsthedetailsof ourmethod.

A path is an array of X,Y coordinatesdesignatingwaypointsalong a route. A
pathcomprisesoneor moresections,eachof which is a setof up to 111 straightline
segmentsde�ned by waypoints.Thewaypointsareapplicationspeci�c andcouldbe
setby ahuman,computedby arobot,or computedby thesensornetwork. To establish
a path,a base-stationor robotsendsa Path message.This messageis 118byteslong
andits payloadincludesup to 12waypointcoordinatesandapathID.

Thereare two phasesinvolved in establishingan active path. Firstly, the Path
messagemustbepropagatedto thestartof thepath.Secondly, thepathis activatedby
storingit in thesensorsthat lie alongthepath(seeFigure2). This two phaserouting
anddistributionalgorithmis summarizedin Algorithm 1.

The �rst phasecommenceswith a Path messagebeingissuedby a base-station
or robot. Sensorsthat receive the Path messageexamineit andusethe knowledge
of their own locationand the locationof the pathsegments(within the message)to
determineif they areon thepathandwithin thepathwidth de�ned in themessage.If
they are,they rebroadcastthemessageandsetan internal�ag to indicatethey areon
anactive path. If they arenot on thepath,thenthey again usetheknowledgeof their
own locationandthatof thesender(containedin themessage)to determineif they are
in the directiontoward wherethe pathstarts,andif they arewithin a presetwidth of
thatdirectionvector(seeFigure1. If they are,they forward themessage,if not, they
remainsilent. In this way thePath messageis routedin thegeneraldirectionof the
startlocationof thepath,without �ooding theentiresensornetwork with messages.

In thesecondphasethemessageis routedonlyalongthepath,activatingthesensors
on thepath. To prevent in�nite loopsof messages(i.e., a messagebouncingbackand
forth from oneside of the path to the other forever) eachsensorkeepstrack of the
uniqueID in thepathmessagefor thelastN messagesit received.If areceivedmessage

1Limited by Motemessagelength.
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Algorithm 2 TheFindPathalgorithmto gettherobotto thestartof thepath.

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

if Incomingmessageis a PathMessage AND this sensoris at thestartof a path
then

BroadcastFindRobotMessage with 0 degreeheadingto MAXRANGE dis-
tance
BroadcastFindRobotMessage with 120degreeheadingto MAXRANGE dis-
tance
BroadcastFindRobotMessage with 240degreeheadingto MAXRANGE dis-
tance

elseif Incomingmessageis aFindPathMessage then
if Thissensoris storingapathstartlocationthen

BroadcastaPathStartMessage
elseif Incomingmessageis aPathStartMessage then

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

// Forwardmessagetowardstherobot.
RebroadcastPathStartMessage

hasbeenpreviouslyseenit will beignored.Notethatmultiplepathscanbecomputed,
stored,andupdatedby thenetwork to matchmultiple robotsandmultiple goals.This
canbeeasilysupportedby markingeachrobot,goal,andpathpairwith anID.

A distributedmotionplanningprotocolcanruncontinually, perhapsin parallelwith
a potential�eld mapcomputation,to compute,store,andupdatepaths.Differentpath
computationalgorithmscanbe run asdistributedprotocolson top of the distributed
map. For example,the safestpath to the goal (which maintainsthe largestpossible
distanceto each“obstacle”) can be identi�ed with a distributed protocol using dy-
namicprogramming[32]. The shortestpathto the goal canbe computedvery easily
by following the sensorvalue gradient. We are currently testingideason dynamic
sensor-basedpathadaptation.

2.3 Communication-assistedRobot Navigation

Thepathstoredin thesensor�eld canbeusedto navigatetherobot.Similar to theway
in which thePath messageis propagated,theprocesshastwo phases,�rstly getting
to wherethepathstarts,andsecondlybeingguidedalongthepath. In somesituations
the �rst phasemaynot beneeded(e.g.,thepathmayalwaysbecomputedto include
theknown locationof therobotor therobotcouldalwaysbetold wherethestartof the
pathis). Oneimportantgoal in this �rst phaseis to avoid �ooding theentirenetwork
with messagesin anattemptto discover location.Algorithm 2 summarizesanef�cient
methodfor guidingtherobotto thepath.

For therobotto �nd thepath,�rst one(or all) of thesensorsthatknow they arenear
thestartof thepathsendout threemessageseachcontainingthe locationof thestart
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Figure3: The robotdiscoversthestartof thepathby sendingradialmessageswhich
intersectthosesentby thepathhead.

of thepath.Themessagesalsocontainaheadingdirection,set120deg apart2, awidth
for thevectorthey will travel along,anda maximumrangebeyondwhich they do not
travel. The messagesareforwardedout to that rangein eachof the threedirections,
seeFigure 3. The sensorsthat forward the messagesstorethe location of the start
of thepath.At somelater time therobotsendsout thesamesortof messagesin three
directions.If therobotandpathstartarein rangeof eachother'smessages,themessage
pathswill cross(dueto usinga 120deg dispersalangle.)Thesensor(s)at thecrossing
will have a storedlocationfor thestartof thepathanda locationfor therobotandcan
senda directionalmessage(perhapswith a graduallyincreasingwidth sincetherobot
mayhave movedslightly) backto therobot telling it wherethestartof thepathis. In
thiswayonly thesensorsalongspeci�c linesout to amaximumrangecarrymessages,
not theentirenetwork. Webelieve this to beageneralandef�cient approachto �nding
thelocationof any resourcethesensor�eld knowsabout.After theinitializationphase
which placestheroboton thepath,thenavigationguidancealgorithmsummarizedas
Algorithm 3 is usedto controlthemotionof therobot.

The robot startsby sendingout a QueryOnPath messagewhich includesthe
sender'sID andlocation.If receivedbyasensoronthepathit replieswith aQueryAck
messagewhich includesthepathsection,someconsecutivewaypoints,andasequence
numberindicatingwherethesewaypoints�t into thepathsequence.By gatheringlists
of segmentsfrom multiple sensorsthe entire path can be assembledpieceby piece
asthe robotmoves. Pathsthatcrossthemselvesallow for somefault tolerancein the
robotsknowledgeof the path,sinceif the robot losesthe path, it may have a future
segmentalreadystoredif it haspassedan intersection.Oncethe robot hasacquired
pathsegmentsfrom a sensor, it canthenarrangethemsequentiallyandfollow them
in order. Thusthe pathitself is independentof the sensor's own locationandcanbe
speci�edto any level of precisionneeded.

2Otherpatternsof radiation(astarpatternof 72deg) mightincreasethelikelihoodof interceptsoccurring,
thoughthey alsoincreasethenumberof sensorsinvolved.

10



Algorithm 3 TheQueryPathalgorithmfor robotguidance.
while forever do

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

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

Store the PathSegmentsfrom the QueryAck messagein order of prece-
dence.

// Guidetherobot
if RobothasreachedcurrentWaypointthen

Getnext Waypointfrom list in orderof precedence
Headfor next Waypoint

Figure4: A Mica Motewith sensorboardandlong rangeantenna.

3 Experiments

3.1 Experimental setup

The SensorNetwork Hardware Our algorithmsarehardwareindependentbut the
messageformatsusedby the networked systemarehardwaredependent.We usea
sensornetwork thatconsistsof 54Mica Motes[23,24], seeFigures1 and4. Eachnode
containsa mainprocessorandsensorboard.TheMote handlesdataprocessingtasks,
A/D conversionof sensoroutput,RFtransmissionandreception,anduserinterfaceI/O.
It consistsof anAtmel ATMega128microcontroller(with 4 MHz 8-bit CPU,128KB
�ash programspace,4K RAM, 4K EEPROM), a916MHz RFtransceiver(50Kbits/sec,
nominal30mrange),aUART anda4Mbit serial�ash. A Mote runsfor approximately
onemonthon two AA batteries.It includeslight, sound,andtemperaturesensors,but
othertypesof sensorsmaybeadded.EachMoterunstheTinyOS0.6operatingsystem
with long(120bytepayload)messages.Thesensorsarecurrentlyprogrammedto react
to suddenincreasesin light andtemperaturebut othersensorymodesarepossible.
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The AutonomousRobot The CSIRO helicopter, seeFigure1, is a hobbytype (60
class)JR Ergo, which hasa limited, 5kg, payloadcapability. This helicopterdiffers
from othersimilar projectsin usinglow-costsensorsfor control. Theseincludea cus-
tom inertialmeasurementunit, magnetometeranda vision system.Thevision system,
implementedin software,providesheightrelative to thegroundandspeedfrom optical
�o w betweenconsecutive framesat 5Hz. A �ight computerlocatedin thenoseactsas
the interfacebetweenthehelicopterandthecontrolcomputer, allowing thecomputer
to monitoror takeover any servo channel.

Thecontrolcomputeris an800MHzP3with solid-statedisksrunningtheLynxOS
operatingsystem.It is responsiblefor runningthe vision software,the control loops
anddatalogging.A 1HzdifferentialGPSreceiverandaProximradioethernetcardare
also�tted. A Mote is �tted to thenoseof thehelicopterandfunctionsasabase-station.
It communicatesover a serial link with the control computerwhich runsapplication
softwareto interactwith thesensornetwork on theground.For thelocalizationexper-
imentsit broadcaststhehelicopter's differentialGPSpositiononcepersecond.

Experimentalal sites In March 2003 we conductedoutdoorexperimentswith the
robothelicopterand54 Mica Motes,seeFigure1, at theCSIRO sitein Brisbane.The
Moteswereplacedatthenodesof a6mgrid onagentleslope.Thegrid wasestablished
usingtapemeasuresandthecornerpointsweresurveyedusingdifferentialGPS,and
thecoordinatesof theotherpointswereinterpolated.

Experimentsshowedthattheradiorangeof theMoteswasverypooroutdoorsand
thisis discussedfurtherin Section3.5.1.A base-stationMoteconnectedto alaptopwas
usedto controltheMotenetwork. Figure5 shows thelayoutof theMotes,represented
by diamondsoverlaidwith the�ight pathof therobot.

In September2003we conducteda secondroundof experimentsin thePlanetary
RoboticsBuilding at CMU. We implementedtherobot-assistedlocalizationalgorithm
andthe sensor-assistedguidancealgorithmon an experimentaltestbedconsistingof
a sensornetwork with 49 Mica Motes[23,24] anda �ying robot simulator. For this
experiment,the �ying robotconsistsof 4 computercontrolledwinches(implemented
usingAnimaticsSmartmotors)locatedat the cornersof a squarewith cablesgoing
up to pulleys at roof heightthendown to a commonpoint above the`�ying' platform.
The craneis controlledby a server programrunningon a PC.Commandsandstatus
arecommunicatedusingtheIPCprotocol[41]. Theplatformcomprisesasingle-board
Pentium-basedcomputerrunningLinux, with an802.11link andanon-boardserially
connectedbase-stationMote, to communicatewith the sensor�eld. The robot hasa
workspacealmost10 m squareand4 m high. We useda 7x7 grid of sensors,laid out
with a 1 meterspacing,seeFigure6(a), wherethe diamondsrepresentthe surveyed
positionsof theMotes.

TheFlashlightsensorinterface[35], seeSection3.5.2,wasusedto adjusttheRF
power of thesensorsin thegrid to anoptimal level for communicationwith therobot,
essentiallya trial-and-erroradjustment,graduallyincrementingthe Mote power until
therobotwasgettinggoodcommunications.
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3.2 Localization Results

In thissectionwecompareempiricallytheperformanceof the� ve3 differentapproaches
to localizationintroducedin Section2.1usingdataacquiredduringexperiments.The
errorbetweenestimatedandactualMotecoordinatefor eachof thealgorithmsis shown
in Figure5. The resultshave beencomputedof�ine usingGPScoordinatesobtained
from theactualhelicopterpathshown in Figure5. Theparametersusedwered = 20
andsmin = 470. We canseethat the meanandweightedmeanarebiased,partic-
ular in the Eastingdirection,dueto the pathtaken by the helicopterand/orthe lobe
shapeof theMoteantenna.Themethodstrongestis simplebut hashighresidualerror.
Themedian doesnot performsigni�cantly betterthanthemeanor wmeanestimates.
Theconstraint methodwasarguablythebestperformerandis computationallycheap,
thoughit is sensitive to thechoiceof d.

Theerrorsshown shouldbeconsideredwith respectto theaccuracy of differential
GPSitself which is of the orderof several metres.Achievable localizationaccuracy
is of the order of one half the grid spacingwhich is more than suf�cient to enable
the geographicrouting strategiesdiscussedabove. We notethat the methodsdo not
requirea rangeestimatederivedfrom signalstrength,a dif�cult inverseproblem[39],
normake any assumptionaboutthesizeor shapeof theradiocommunicationsregion.

In theexperimentswith the�ying robotsimulatoratCMU therobotfollowedaser-
pentinepath,seeFigure6(a).Oncepersecondthe�ying computerobtainedits current
coordinatefrom the control computerusingIPC over the 802.11link, andbroadcast
this via theonboardbase-stationstationMote. EachgroundMote recordedall theX,Y
broadcastsit receivedandusedthemeanmethodto estimateits location. Figure6(a)
shows therobotpathandthelocationsfrom which thepositionbroadcastsweremade.
It is clearthattheMotesdonot receive messagesuniformly from all directions,Motes
6 and7 areclearexamplesof this. We speculatethat this is dueto thenon-spherical
antennapatternsfor transmitterandreceiverMotes,aswell asmaskingof someground
Motesby thebodyof the�ying platformitself. Eight Motesreceivedno broadcastsat
all dueto networking errors,packet loss,or Mote hardwarefailures. The remaining
Motesreceivedbetween2 and16 broadcastseachascanbeseenin Figure6(b) with
a medianvalueof 10. Figure6(c)shows a histogramof the distancesover which the
broadcastmessageswerereceived,amaximumof 3mandamedianof 1m.

EachMote computesits locationusingthecentroidof all receivedbroadcasts,but
canstoreupto 200localizationbroadcastsfor laterdownloadandanalysis.Figure7(a)
comparesthe true andestimatedMote locations. We canseea generalbias inward
andthis would beexpectedgiven the thebiasin thedirectionfrom which broadcasts
werereceived. Figure7(b) shows a histogramof theerrormagnitudesandindicatesa
maximumvalueof 1.4mandamedianof 0.6mwhich is, again,approximatelyhalf the
grid spacingwhichweachievedwith therealhelicopteranddifferentialGPS[14].

3.3 Challengeswith Distrib uted Localization

In therobot-assistedlocalizationalgorithm,therobotregularlybroadcastsits location.
Whenwithin the receptionrangeof the sensor, thesebroadcastsprovide input to the

3Thebound algorithmwasdevelopedsubsequently.
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Figure 6: Localizationresults. (a) Mote �eld showing path of robot and broadcast
positions,andall broadcastsreceived. (b) Numberof localizationmessagesreceived
by eachnode.(c) Histogramof distancesfrom Mote to broadcast.
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mated(*) location.(b) Histogramof errorvectorlength.

localizationalgorithm.Thereceptionrangeis notsymmetricaldueto thelobeshapeof
boththetransmittingandreceiving radiosinvolved,terrain,etc. Sincetheasymmetry
dependson 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 Figure6(a) shows an extremecaseof
directionalreceptionin which thisassumptionfails.

2. With relatively few measurementsoccurringwithin thereceptionrangetheesti-
mateof centroidis likely to bebiased.

The �rst problemis not solvable given currentradios— multiple encountersat
differentrelative antennaorientationsmight provide someremedy, but would increase
the time andcostof any post-deploymentlocalizationphase.Somepossiblewaysto
improve thesecondprobleminclude:

1. Increasingthe rateat which positionbroadcastsaresent,giving moresamples
within thereceptionrange,andimproving theestimateof thecentroid.

2. Increasingthesizeof thereceptionrangein 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. Decreasingthesizeof thereceptionrange,perhapscombinedwith improvement
number1, sothatthosebroadcaststhatarereceivedareverycloseto thelocation
of thesensor. Of coursethis increasesthepossibilitythata nodewill receive no
broadcastatall.
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To investigate the ef�cacy of suchimprovementswe have conductednumerical
experimentsin which we vary the rateat which the robotbroadcastsits position,and
theradioreceptionrange.In earlysimulationstudiesweobservedthatthelocalization
resultis stronglydependentonthepathof therobotwith respectto thedeployednodes.
To sidestepthis pathdependenceproblemwhile testingpostulates(1–3) above, our
simulationusesa �x edserpentinerobotpathand100sensorsdeployedrandomlywith
a uniform distribution in a squareregion 100� 100m. The robot startsat the origin
in the lower-left corner, moves100mto the right, up 20m, 100mto the left, thenup
another20m andrepeatsthe cycle. The meaninter-nodespacingis 17m. The radio
propagationmodelassumesthatsignalstrengthdecreaseswith distanceandbecomes
zeroat themaximumdistanceparameterwhichwecanalsovary.

For eachexperimentwe randomlydeploy thesensors,thenfor eachnode,we run
thesix localizationalgorithmswith a particularsetof simulationparameters,suchas
radiorangeandbroadcastrate. For theconstr methodwe setd = 20. Themeanand
maximumlocalizationerrorstatisticsfor all thenodesis thencomputed.Werepeatthe
experiment100times,andcomputesecond-orderstatistics:meanandstandarddevia-
tion of thesingleexperimentmean,aswell asthemaximumof thesingleexperiment
maximums.

Figure8 showssomeof theresults.Weobservethatasthenumberof broadcastsin-
creases(ie. broadcastsareclosertogether)thelocalizationerrordecreasesandreaches
a plateauat around5m or better. The methodstrongestperformsleastwell, andthe
methodsconstr andbound performidenticallysincetheactualandassumedtransmit
radii areequal.

Foragivennumberof broadcasts,50,alongthepathweinvestigatetheperformance
of themethodsfor varyingtransmitradius.We seethatthemethodconstr, previously
a strongperformer, breaksdown whenthe actualandassumedtransmitradii arenot
equal.Thebestperformerin this testis wmean, thoughmeanandbound alsobehave
well.

We planto extendthesenumericalexperimentsto includestochasticpacket recep-
tion modelsandnonsymmetricradioreceptionmodels.

3.4 Path Routing Results

In orderto measurethesensornetwork responseto computing,updatingandpropagat-
ing pathinformationwe have implementedthealgorithmsdescribedin Section2.2on
the deployed sensornetwork. Several differenttypesof pathhave beentried andthe
methodworksreliably.

Figure9 showspathpropagationresultsfrom � vedifferentruns.Eachpathconsists
of 17 intermediatepoints,arrangedin a U shapearoundtheexterior of theMote grid.
The spacingbetweeneachtwo Moteswas6 metersso the total path lengthwas96
meters.Theaveragepathpropagationtime is 1.7secondswhich translatesinto aspeed
of 56 m/sec. This propagation time is very fastcomparedto the speedof the �ying
robot.Weconcludethatthepathcomputationis practicalfor controllingthenavigation
of a �ying robotthatneedsto adaptits pathto changesin theenvironment.

For ourgeographicroutingweobserved2 to 6 messagespersensoralongthepath,
whereasfor �ooding all thesensorsbecomeinvolved in messageforwarding,eachof
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themreceiving between14to 17messages.Thisvectorstyleof routingis clearlymuch
moreef�cient than�ooding in termsof thenumberof messagesrequired.

3.5 Navigation Results

Oncelocalized,a Path messagewas sent from the basestationto establisha path
throughtheMote �eld. ThePath messagepropagatedusingthealgorithmdescribed
in Section2.2. Thenthe robot wasturnedloosein a pathfollowing mode,usingthe
algorithmin Section2.3. It queriedfor pathwaypointsandbuilt up a list of waypoints
asit followedthepath.We experimentedwith a squarepath(aroundtheborderof the
grid) andanX shapedpath(cornerto centerto corner).Therobotfollowedbothtypes
of pathperfectly. Even thoughthe localizationof the Moteswasnot perfect,it was
suf�cient to supportthe geographicrouting of the Path messagewith a 1m width.
The actualpathitself wasstoredasperfectlypreciseinformationin theseMotesand
hencetherobotwasableto obtainprecisewaypointsto follow, resultingin perfectpath
following (within thetolerancesof therobot)asshown in Figure10. Thelocalization
accuracy only needsto besuf�cient to ensurepathpropagation.

Sincethereweremultiple Motesalongeachsegmentof thepath,therewasredun-
dantinformationin thesensor�eld in caseany of theMoteswerenot working (andas
it later turnedout about6–7 of themwerenot during eachtest,eitherdueto defunct
radios,or dueto nothearingany messagesfor otherreasons.)
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Figure10: Pathfollowing performance.Theactualpathfollowedby therobotis shown
in black,andtheasterisksindicatewaypoints.Thepathstartedatnode7.

3.5.1 LessonsLearned

In the outdoorexperiments,even thoughthe Moteswere �tted with externalhelical
antennasandtransmitpower wassetto maximumwe foundthat thecommunications
rangewaspoor, notquitethe6mMotespacing.Indoorswehadreliablecommunication
at rangesof 10to 15mthroughwalls. Wefoundthatthis lossof communicationsrange
outdoorswasdueto closeproximity with thegroundwhichwasfairly moist.Wefound
that raisingtheMotesabout16cm4 off thegroundmadea signi�cant improvementto
the transmissionrange.We found that theground-to-airandair-to-groundcommuni-
cationrangesweresymmetric.However, air-groundcommunicationwasmuchlonger
rangethanMote-to-Motecommunication.

WenoticedthatMotecommunicationreliability droppedoff smoothlywhenMotes
weremoving apart,but only improvedstepwisefor Motesmoving together. Measure-
mentsof receivedsignalstrengthshowedthisphenomenonclearly. Relativeorientation
of the two antennasalsomakesa differenceasdoesthe orientationof the helicopter
sincethebodyof thevehicleactsasashieldfor Motesbehindit.

We have gainedseveralotherinsightsinto networkedrobots.Datalossis common
in sensornetworksandhasmany causesincluding: network congestion,transmission
interference,andgarbledmessages.We observed that the transmissionrangein one
directionmaybequitedifferentfrom thatof theoppositedirection.Thus,theassump-
tion that if a nodereceivesa packet from anothernode,it cansendbacka packet is
too idealistic. Network congestionis very likely whenthemessagerateis high. This
is aggravatedwhennodesin closeproximity try to sendpacketsat thesametime. For

4This is onehalf wavelengthat916MHz,theMoteoperatingfrequency.
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Figure 11: (a) The Flashlightdevice. (b) The guidancepath programmedinto the
motes.(c) Theguidanceresults.(d) Mapof magneticNorth in hallway.

a sensornetwork, becauseof its small memoryand simpli�ed protocol stack,con-
gestionis a signi�cant problem.Theuncertaintyintroducedby dataloss,asymmetry,
congestion,andtransientlinks is fundamentalin sensornetworksandshouldbecare-
fully consideredin developingmodelsandalgorithmsfor systemsthat involve sensor
networks.

3.5.2 Extensionto Guiding Humans

Thetechniqueswe have developedfor guidingrobotscanbeextendedto humans,but
we needsomeinterfacebetweenhumanandthesensornetwork. ThesensoryFlash-
light, seeFigure11(a),is a hand-helddevice which usesthemetaphorof a �ashlight
to provide thisconnection.Whenpointedin aspeci�c direction,theFlashlightcollects
information from all the sensorslocatedin that directionandprovides its userwith
feedback.

The Flashlightconsistsof an electronicanalogcompass,alert LED, pagervibra-
tor, a 3 position modeswitch, a power switch, a rangepotentiometer, somepower
conditioningcircuitry, a microcontrollerbasedCPU,andanRF transceiver. Thepro-
cessingandRF communicationcomponentsof theFlashlightandthesensornetwork
areBerkeley Motes[24]. The potentiometeris usedto set the detectionrange. The
electroniccompasssuppliesheadingdata,indicatingthe pointeddirectionof the de-
vice. WhentheuserpointstheFlashlightin adirection,if sensorreportsof theselected
typearereceived from any sensorsin thatdirection,a silentvibratingalarmactivates
andtheLED lights. Thevibrationamplitudecanbeusedto encodehow far (in number
of hopsor range)wasthesensorthat triggered.Thedevice canalsoissuecommands
to the sensorsin the direction it is pointing, causingsensorsat a speci�ed rangeto
activate/deactivate.

In an experimenton humanguidancewe deployed 12 Mote sensorsalongcorri-
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dorsin our building andusedthe Flashlightanda modi�cation of the pathguidance
approachpresentedabove to guidea humanuserout of thebuilding. SincetheFlash-
light only knows its orientationandnot its location, the pathdataconsistedonly of
compassdirections.Figure11(b)showsamapof thedirectionsprogrammedinto each
mote. The Flashlightinteractedwith sensorsto computethe next directionof move-
menttoward the exit. For eachinteraction,the userscannedthe �ashlight from side
to sideuntil theFlashlightindicatedthepreferreddirection. Theuserthenwalked in
that directionto the next sensorandrepeatedthe process.At eachscanwe recorded
thecorrectdirectionandthedirectiondetectedby theFlashlight. Figure11(c)shows
theresultingguidancetheFlashlightprovided theuserin �nding anexit to thebuild-
ing. Thedirectionalerrorwas8% (or 30 degrees)on averageandwasmostlydueto
thevariationin themagnetic�eld in thebuilding asshown in Figure11(d). Note the
large magneticdeviation on the stairs,causedby the presenceof metalhandrailings
andbalusters.However, becausethecorridorsandof�ce doorwaysarewide, andthe
sensorssuf�ciently dense,theexit wasidenti�ed successfully. An interestingquestion
is how denseshouldthesensorsbe,giventhefeedbackaccuracy. Futurework will fo-
cuson improving directionalandpositionalaccuracy andaddressinghow to copewith
sensorsignalsreceivedfrom theothersideof wallsandfrom �oors above andbelow.

4 Conclusions

Wehavedescribedasensornetwork anddevelopednovel algorithmsthatprovideguid-
anceinformationto robotor humanusers.Sucha network greatlyextendsthesensory
reachof an individual robotor humanandprovidesfor many differentmodesof nav-
igation. We have describeda networkedapproachto robotnavigation thatallows the
robot to respondto remotelysenseddataandadaptits headingin responseto it. A
sensornetwork andmobile robot cooperateto control the motion of the robot. The
robothastaskinformationandthesensornetwork containstheenvironmentdatain the
form of adistributedmap.Thesensornodescooperateto updatethemapin responseto
changes,andto transmitthesechangesto therobotcontrolin theform of pathupdates.
The interactionis alsobidirectional. The robot is ableto provide informationto the
network andwehave demonstratedthepowerof this in thetaskof nodelocalization.

We have implementedthe navigation protocolson a network of 54 Mote sensors
in a large-scaleoutdoorsetting,andtestedaspectsof helicopterandsensornetwork
interaction.Experimentshaveshown theeffectivenessof geographicor vectorrouting,
andtheef�cacy of usingthe�ying robot to localizenodes.Variouslocalizationalgo-
rithms werecomparedusingexperimentaldata. We wereableto load pathsinto the
deployed sensor�eld andmanuallytest the robot andhumannavigation algorithms.
Futurework will focuson gatheringdatafrom robotnavigationtrials anddemonstrat-
ing sensor-basedpathadaptation.
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