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Abstract

This paperintroduceshe applicationof a sensometwork to navigatea ying
robot. We have developeddistributed algorithmsand ef cient geographicrout-
ing techniqueso incrementallyguide one or more robotsto points of interest
basedon sensorgradient elds, or alongpathsde ned in termsof Cartesianco-
ordinates.Theseincludea distributedrobot-assistetbcalizationalgorithm,a dis-
tributed communication-assistguath computationalgorithmfor the robotanda
distributed communication-assistatkvigation algorithmto guidetherobot. The
robotitself is anintegral partof thelocalizationprocesavhich establisheshe po-
sitionsof sensoravhich arenotknown a priori. The sensometwork is anintegral
partof the computatiorandstorageof therobot's path.

We usethis systemin a large-scaleoutdoorexperimentwith Mote sensorgo
guide an autonomoushelicopteralong a pathencodedn the network. We also
describéhow ahumancanbeguidedusingasimplehandheldlevice thatinterfaces
to this sameernvironmentalinfrastructure,

1 Intr oduction

We wish to createmoreversatileinformation systemsby usingnetworked robotsand
sensors:thousandof small low-cost sensorsembeddedn the ernvironment, mobile
sensorsyobots, and humansall interactingto cooperatrely achiese tasks. This is
in contrastto today's robotswhich are complex monolithic engineeredsystemshat
operatealone.

Recentadvanceshave shavn the possibilitiesfor low-costwirelesssensorswith
developmentssuchasthe Mica Mote [23,24] andthe single chip called “Spec” [1]
alongthe pathto the ultimate goal of smartdust. OthertechnologiesuchasAutold
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 expensve robot-bornesensors.The new modelis ubiquitoussen-
sorsembeddedn the environmentwith which the robotinteracts:to deploy them,to
hanestdatafrom them,andto taskthem.

A robotnetwork consistsof a collectionof robotsdistributed over someareathat
form an ad-hocnetwork. The nodesof the network may be heterogeneouand in-
clude mobile robots,mobile and static sensorsgven peopleor animals. Eachsensor
is equippedwith somelimited memoryand processingcapabilities,multiple sensing
modalities,andcommunicatiorcapabilities. Thuswe extendthe notion of sensomet-
workswhich hasbeenstudiedby the networking communityfor staticsensorgo net-
works of robotsthathave naturalmobility. An ad-hocnetwork is atemporarywireless
network formedwithouttheaid of ary establishednfrastructureor centralizecadmin-
istration. This network cansupportrobot-robotcommunicationsprin a rst responder
scenarioalso supporthuman-humanhuman-roboticand sensothumancommunica-
tions. Suchsystemsarewell-suitedfor tasksin extremeervironmentsgspeciallywhen
thereis no computatiorandcommunicatiorinfrastructureandthe environmentmodel
andthetaskspeci cationsareuncertairanddynamic.For example acollectionof sim-
ple robotscanlocatethe sourceof a re or chemicalleak by moving alonga sensory
signalgradient.

Figurel: (Left) Helicopterin the air over the outdoorsensometwork consistingof 54
Motes[23,24]. TheMotessit ontop of thedark o wer pots. (Right) Theexperimental
testbedconsistingof 49 Moteson thegroundandthe ying robotsimulator

Navigationis anexampleof how simplenodedistributedoveralargegeographical
areacanassistwith globaltasks.The nodessamplethe stateof the local environment
andcommunicatehatto nearbyneighborsegithercontinuouslyor in the eventof some
signi cant change.Hop-by-hopcommunicationis usedto propagtethis information
anddistribute it throughoutthe network. For example,considerdispersinga sensor
network over a largeforestto monitorforest res. Thesensoraredroppedrom a y-
ing robotandthey localizeusingGP Slocationsbroadcasby therobot. Oncelocalized,
they senseandpropa@gtetemperaturdevelsto computeatemperaturgradientfor the
region. Theoccurrencef anen re will besignaledautomaticallyacrosghenetwork.
In addition,thesensonetwork canlocally computetheshortespathto the re to guide

re ghters, andindicatethe safestpathto exit for otherpeople. The sensometwork
canupdatethesepathin real-timeaccommodatinghangeglueto ervironmentalcon-



ditions suchasshifting winds. The sameinformationcanbe usedto guidesearchand
rescueteamsto the humansalongdifferentpaths. Thus, multiple goalsandpathscan
co-&ist within the system.

Robotguidanceis achieved by the interactionbetweerthe robotanda local node
which hasaccesso globalstatevia the network. Thereverseis alsopossibletherobot
may inject datainto the network basedon its superiorsensoryor reasoningcapabil-
ity, for examplecon guring the network by reprogrammingts nodes,synchronizing
clocks,deploying new sensordgo Il in communicatiorgaps,or calibratingsensorsy
transmittingreferencevaluessensedy therobot. Theability to re-taskandreposition
sensorsn anetwork by sendingstatechange®r uploadingnen codegreatlyenhances
the utility of sucha network. It allows differentpartsof the network to be tailored
to speci ¢ tasks,capabilitiesto be addedor changedandinformationto be storedin
the nodesin the network. The capabilitiesof robotsor peopleis extendedthrough
interactionwith the network, extendingtheir sensesindability to actover a massive
area.

In this paperwe discussthe cooperatiorbetweena groundsensometwork anda
ying robot. We assumehatthe ying robotis connectedy point-to-pointcommu-
nicationwith a groundsensometwork. The nodesof the sensometwork are simple
andthey supportocal sensingcommunicationandcomputation The communication
rangeof all nodesis limited, but the resultingmobile sensometwork supportsmulti-
hopmessagingThe ying robotfacilitatessensonetwork localizationby makingGPS
dataavailableto all nodes.In turn, the sensometwork helpsthe navigation of the y-
ing robotby providing informationoutsidethe robot'simmediatesensorrange.In our
previouswork [14] we introducerobot-assistetbcalization. In this paperwe discuss
in detailalgorithmsfor nodelocalizationandnodenavigationthatusecommunication.
Our algorithmsare basedon ef cient geographiaouting methodsthat minimize net-
work power consumptiorandradio congestionTheseconcepthave beenexperimen-
tally validatedwith a physical sensometwork consistingof 54 Mote sensorg23,24]
andanautonomouselicopter Finally, we presenextensiondo guidinghumanslong
safepaths.

1.1 RelatedWork

Sensometworks aread-hocnetworks, built without ary existing infrastructurewhere
eachnodecansensegcompute,andcommunicateo nearbyneighbors.Mobile robot
networks are sensometworks whosenodesmove undertheir own control. Massiely
distributed sensometworks are becominga reality [23]. Importantcontritutionson
which this work builds include[2, 7-9,15,16,32,36,42]. Sensometwork mobility
issuesarediscussedn [5]. Otherkey resultsin controlling sensometworks include
nodedesign,routing, control of informationgathering,representationf information,
andin-network informationprocessing10,11,19,22,23,30,37,38,43-45]. Muchwork
in sensometworks builds on resultsin ad-hocnetworksthataddresghe limitations of
wirelessnetworks (low bandwidth,high errorrates,low power, disconnections|3, 4,
12,20,21,21,25,26,28,28,29,31,33,33,34,42].
Thenodelocalizationproblemhasbeenpreviously discussedby othersandusually
requiresestimateof internodedistancea dif cult problem. Simi¢ and Sastry[40]



presentadistributedalgorithmthatlocalizesa eld of nodesin the casewherea frac-
tion of nodesarealreadylocalized.Bulusuetal.[6] proposealocalizationmethodthat
uses x ed beaconawvith known position. Galystyanetal. [17] describeda constraint-
basedmethodwherebyan individual nodere nes its position estimatebasedon lo-
cation broadcastgrom a moving agent. We wish to addresghe sensorocalization
problemin a uniform and localizedway, without relying on beaconspre-localized
nodespr inter-nodecommunicationsGanesaretal.[18] shaw thatin reality (for Rene
Moteswhich usethe sametranscerer asthe Mica Motes)the communicationsegion
hasa complex non-circularshapeandthatthe probabilityof messageeceptionaswell
assignalstrengthvariesin a complex mannerwith distanceg39]. Theseobsenrations
accordwith our experimentalexperience All resultsreportedto datehave beenbased
on simulationand assumea circular radio communicationsegion which is far from
reality.

2 Navigating with a SensorNetwork

Sensorsamplelocal stateinformation. They canperformsimplelocal computation,
storeinformationlocally or communicatét. We assumehatthe sensorsave reliable
(but not perfect)communicatiorwith nearbyneighborsandnon-reliablecommunica-
tion with therestof the network. The sensorgorm anad-hocnetwork. The network
canbe extendedto include mobile nodessuchas ying robots,groundrobots,or hu-
mans.

We have developedandimplementeda controlalgorithmthatallows ying robots
to y alongpathscomputedadaptvely by a sensometwork andcommunicatedncre-
mentallyto therobot. Theinformationnecessaryor navigationis distributedbetween
therobotandthenetwork. The network containdocal dataaboutthe environmentand
canusethis datato generateglobal maps,while the robot hasinformationaboutthe
task.We arealsoableto embeda path,computedexternallyor by thenetwork, into the
network itself.

Our ying robot canbe thoughtof asa mobile nodein the sensometwork. The

ying robotis equippedvith asensonodethatallowstherobotto benetworkedto the
restof thesystem.Therobotdoesnot have directaccesso reMotesensodatabecause
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 applicationawvherethe pathof the ying robotdepend®n ervironmental
conditions.Therobot's accesso datameasureéndcommunicatedy reMotesensors
via the network allows it to respondquickly to distanteventsand adjustits actions
accordingly

The problemcanbe formulatedasfollows. A sensometwork is dispersedver a
largegeographicaarea(seg[13] for asolutionto deployment).A ying robotis tasked
to travel alonga pathacrosghis areato reachmultiple goallocationsthatmay change
dynamically Thesensomnetwork computeghe goalsandthe bestpaththatvisits each
goaladaptvely. Notethatmultiple robotscanbe guidedto differentgoalsat the same
time by the system,alongdifferent paths. The robot, which is equippedwith a GPS



recever, is alsousedto initially localizethennodes.

Realizingthis type of cooperatie controlof a mobile robotrequiresthreecapabil-
ties. The nodesin the sensometwork needlocationinformationin orderto support
pathcomputationThenodesn the network mustbeableto ef ciently computemod-
ify, andstorea pathfor the mobile robot. The mobile robot mustbe ableto interact
with the sensometwork to receve the pathandto respondo changesn the path. The
following sectiongdetailthe algorithmsfor thesethreecapabilities.

2.1 Robot-assisted_ocalization

In [14] we introducedthe ideaof robot-assistedbcalization,an approacho localiza-
tion thatis orthogonatto the previous work in localizationin thatit doesnot require
internodecommunicatiorandis suitablefor sensometworks deployed outdoors.We
assumehatthesensorsiave beendeployedfrom therobotin awaythatcoversthearea
of interestuniformly but not necessarilyegularly. For very large sensometworksthe
localizationrequirementould be limiting sinceit is impractical(for reasonf cost
and power consumption)or eachnodeto have GPScapability However, a mobile
aerialrobotequippedwith a GPSsystemcanassistthe sensorgo localize. The aerial
robotsweepscrossheareaof thesensonetwork, for examplealongarandompathor
apathde ning agrid, broadcastingsPScoordinates.The sensorsncrementallypro-
cessall broadcastshey receve to re ne their estimatedocation. The mobile nodes
broadcastnessagesontainits positionp; = (X;; yi) andsensorgeceie the message
with signalstrengths; or notatall. Eachsensotistensfor thebroadcastandimproves
its locationestimateover time usingoneof the following six algorithms.

strongest Assumethat the strongesteceved messageso far is the bestestimateof
nodeposition,sinceit wassentwhentherobotwasnearest.
if i > Smax then
Smax = Si
P=p
mean Assumethatthe recever receptionpatternis a disk andthat the robot position
is uniformly distributedwithin thatdisk, we canestimatehe sensotpositionby
themeanrobotpositionp; = pi=N

wmean A re nementof above andincreasingthe signi cance of positionsbroadcast
from nearby we usethe signalstrengthweightedmeanof the received position
astheestimated = iSipi= iSi

median Themedianstatistichasrobustnesgo outlierdatap; = mediarfp; i)

constraint Considereachreceied positionasa constrainf17] on the nodeposition
which is consideredo lie within the rectangularegion Q. At eachstepwe
constrainthe nodeto lie in the intersectionof its currentregion, Q(k), anda
squareegion of sidelength2d centeredbnthe GPStransmissionthatis, Q(k +
1) = Q(k)\ [x(k) d;x(k)+d] [y(k) d;y(k)+ d]. Thepositionestimate
of the nodeis takenasthe centroidof theregion Q(k). The parameted should
re ect thesizeof theradiocommunicationsegion.



bound Considem directionsde ned by unit vectorsu; 2 <2. For eachbroadcast,
pi 2 <? we updatem;(k + 1) = maxm;(k);p; u; the maximumdistance
alongdirectionu; thata messagevasreceved. The position estimateof the
nodeis takenasthemeanp = m;u;=n. Thesimplestcaseis for four u; each
90deg apart.

Note thatalgorithmsmean wmeanandmedian canbe modi ed sothatthe esti-
mateis only updatedvhens; > spi, which arti cially reduceghe size of theradio
communicationsegion. Algorithms constraint andbound aresimilarin estimatinga
boundonthenodeslocation: constraint estimates minimumbound,whereasound
estimateshemaximumboundonradioreception. Theconstraint methodhasaparam-
eterwhich needgo be adjusted Algorithm bf medianhasthe disadantageof needing
to storeall messagewhich may be problematioon memorylimited hardware.

Oncewe have the ability to localize deployed sensorsve are ableto emplgy ef-

cient routing techniqguesuchas geographiaouting, which increaseghe value and
usefulnessf sensedlataby taggingeventsto geographidocation,aswell asusingthe
network to guidearobot. Theseconceptsarediscussedn thefollowing sections.

Figure2: A sensometwork with a pathmarked by sensomodes. In responseo an
ervironmenttrigger, the sensometwork computesanew pathfor the helicopterandan
intermediateathto guidethe helicopterto the new path.

2.2 Communication-assistedPath Computation

Methodsto guidethe robot usinga sensometwork fall into two main cateories.
Firstly the sensometwork with localizednodescanmonitor the ervironmentanden-
codeamapof theervironmentin sensospaceasdescribedn [32]. Suchamapcanbe
constructedncrementallyandadaptvely asanarti cial potential eld usinghop-by-
hop communication Areasof the sensometwork wheresensordave detectecevents
canberepresentedsobstaclesandhave repulsingpotentialvalueswhile the goalhas
an attractingvalue. The potential eld is computedby the obstacleandgoal sensors
diffusinginformationto their neighborausinga messagé¢hatincludesits sourcenode
id, sourcenodelocation andthe potentialvalue. Eachreceving nodecancompute



Algorithm 1 The Pathroutingalgorithm.
NewPathFlag = FALSE
if aPathMessage isrecevedthen
/I lgnorethemessagé it hasalreadybeenseenl.e.,we
Il areseeingthe samemessageesentrom anothersensor
if PathMessage.MessagelD ! = oldMessgelD then
oldMessagelD = PathMessage.MessagelD
/I Checkif this sensoiis onthepath.
while therearePathMessage.PathSegment  sleft in the PathMessage

do
CalculateminimumDistancefrom PathMessage.PathSegment  tothis
Sensor
if Distance< PathMessage.PathWidth then
/I This sensotis onthe Path

Firsttime here,erasepreviously storedpath
NewPathFlag = TRUE
Rebroadcaghe PathMessage
Activatethis sensoffor robotguidance
StorePathSgment
SgmentCount+
if NewPathFlag == FALSE then
Il This sensolis not on the path. Checkif it should
Il forwardthe messagéowardsthe path.
Computeheadinglfrom Sendetto this sensaor
Computeheading2rom Sendetto startof path.
Computedistancebetweenthis sensorand vector from Senderto start of
path.
if (abspheadingl heading2 < THRESHOLD) && (distance <
SETWIDTH)then
/I This sensoiis in the directionof the startof path.
Rebroadcaghe PathMessage .




thedistancerom the source pasedn theencodedsourceocationandits own known
location,andcomputethe componenbf the potential eld dueto thatmessage.

The remainderof this sectiondiscusses secondmethodwe call Path Routing
which enableaisto “embed”oneor morespathsadaptvely in thesensomnetwork. The
protocolis aninstanceof geographicoutingtailoredto navigation[27]. Hop-by-hop
communications usedto identify the sensomodeslying on the path. A messagés
broadcastvhich containsa list of coordinates Eachsensotthatrecevesthe message
checkgo determinéf it lies within pathwidthdistanceof aline connectinghe coordi-
nates.Sensorghatbelongto the pathforwardthe pathmessagehosefurtheraway do
not. Sensor®nthepathchangeaninternalstatevariableandstorepathdatawhich can
laterbequeriedby themobilenodeandusedfor navigation. Comparedo ooding pro-
tocols,whereall nodesreceve andforwardtheinformation,the pathrouting protocol
greatlyreduceghe amountof messagéraf ¢, reducingnetwork congestiorandnode
power consumptionlt hasthe disadwantageof beingsusceptibléo gapsin the sensor
eld, aroundwhichit cannotrouteif thegapcutsacrosghepath.Thiscanbealleviated
to someextent by choosingan appropriatepathwidth or by addingacknavledgment
message$o assurethe pathmessageeachests destination.An approachsimilar to
greedyperimeterouting[27] couldalsobe usedto routearoundobstaclesTherestof
this sectionpresentshe detailsof our method.

A pathis an array of X,Y coordinatedesignatingwaypointsalong a route. A
pathcomprisesoneor moresections gachof which is a setof up to 11! straightline
segmentsde ned by waypoints. The waypointsare applicationspeci ¢ andcould be
setby ahuman,computedy arobot,or computedby thesensonetwork. To establish
apath,a base-statiomr robotsendsa Path messageThis messagés 118byteslong
andits payloadincludesup to 12 waypointcoordinateg@nda pathID.

Therearetwo phasednvolved in establishingan active path. Firstly, the Path
messagenustbe propagtedto the startof the path. Secondlythe pathis activatedby
storingit in the sensorghatlie alongthe path(seeFigure?2). This two phaserouting
anddistribution algorithmis summarizedn Algorithm 1.

The rst phasecommencewvith a Path messagédeingissuedby a base-station
or robot. Sensorghatreceve the Path messagexamineit andusethe knowledge
of their own location andthe location of the path segments(within the messagejo
determingf they areon the pathandwithin the pathwidth de ned in the messagelf
they are,they rebroadcasthe messagandsetaninternal ag to indicatethey areon
anactive path. If they arenot on the path,thenthey again usethe knowledgeof their
own locationandthatof the sender(containedn themessageo determinef they are
in the directiontoward wherethe pathstarts,andif they arewithin a presetwidth of
thatdirectionvector(seeFigurel. If they are,they forwardthe messageif not, they
remainsilent. In this way the Path messagés routedin the generaldirectionof the
startlocationof the path,without ooding the entiresensometwork with messages.

In theseconghasghemessagés routedonly alongthepath,activatingthesensors
onthepath. To preventin nite loopsof message€§.e., a messagdouncingbackand
forth from one side of the pathto the other forever) eachsensorkeepstrack of the
uniquelD in thepathmessagéor thelastN messagets recevved. If arecevedmessage

ILimited by Mote messagéength.



Algorithm 2 TheFindPathalgorithmto gettherobotto the startof the path.

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

if Incomingmessagés a PathMessage AND this sensoris at the startof a path
then
BroadcastFindRobotMessage  with O degreeheadingto MAXRANGE dis-

tance
BroadcasFindRobotMessage with 120degreeheadingo MAXRANGE dis-
tance
BroadcasFindRobotMessage with 240degreeheadingo MAXRANGE dis-
tance

elseif Incomingmessagés aFindPathMessage then
if This sensolis storinga pathstartlocationthen
Broadcash PathStartMessage
elseif Incomingmessagés a PathStartMessage  then
Computedistanceto vectorfrom pathstartto robot.
if distance< PathMessge.PathWdth then
/I Forward messagéowardstherobot.
RebroadcadPathStartMessage

hasbeenpreviously seenit will beignored.Notethatmultiple pathscanbe computed,
stored,andupdatedby the network to matchmultiple robotsandmultiple goals. This
canbeeasilysupportedy markingeachrobot,goal,andpathpair with anID.

A distributedmotionplanningprotocolcanrun continually perhapsn parallelwith
apotential eld mapcomputationfo compute store,andupdatepaths.Differentpath
computationalgorithmscan be run as distributed protocolson top of the distributed
map. For example,the safestpathto the goal (which maintainsthe largestpossible
distanceto each“obstacle”) can be identi ed with a distributed protocol using dy-
namicprogramming32]. The shortestpathto the goal canbe computedvery easily
by following the sensorvalue gradient. We are currently testingideason dynamic
sensotbasedpathadaptation.

2.3 Communication-assistedRobot Navigation

Thepathstoredin thesensoreld canbeusedto navigatetherobot. Similarto theway
in which the Path messagés propagted,the processhastwo phases,rstly getting
to wherethe pathstarts,andsecondlybeingguidedalongthe path. In somesituations
the rst phasemay not be needede.g.,the pathmay alwaysbe computedo include
theknown locationof therobotor therobotcouldalwaysbetold wherethe startof the
pathis). Oneimportantgoalin this rst phaseis to avoid ooding the entirenetwork
with messagem anattemptto discover location. Algorithm 2 summarizesinef cient
methodfor guidingtherobotto the path.

Fortherobotto nd thepath, rst one(or all) of thesensorshatknow they arenear
the startof the path sendout threemessagesachcontainingthe locationof the start



Figure3: Therobotdiscoversthe startof the pathby sendingradial messageswvhich
intersecthosesentby the pathhead.

of the path. Themessagealsocontaina headingdirection,set120deg apart, awidth
for thevectorthey will travel along,anda maximumrangebeyondwhich they do not
travel. The messagesareforwardedout to thatrangein eachof the threedirections,
seeFigure 3. The sensorghat forward the messagestorethe location of the start
of the path. At somelatertime the robotsendsout the samesortof messages three
directions.If therobotandpathstartarein rangeof eachothers messageshemessage
pathswill cross(dueto usinga 120deg dispersabhngle.)Thesensor(satthecrossing
will have a storedlocationfor the startof the pathandalocationfor therobotandcan
senda directionalmessagéperhapswith a graduallyincreasingwidth sincethe robot
may have moved slightly) backto the robottelling it wherethe startof the pathis. In
thisway only the sensorsalongspeci ¢ linesoutto amaximumrangecarrymessages,
nottheentirenetwork. We believe thisto beagenerabndef cient approacho nding
thelocationof ary resourcehesensoreld knows about.After theinitialization phase
which placesthe roboton the path,the navigation guidancealgorithmsummarizeds
Algorithm 3 is usedto controlthe motionof therobot.

The robot startsby sendingout a QueryOnPath messagevhich includesthe
sendesID andlocation.If recevedby asensopbnthepathit replieswith aQueryAck
messagevhich includesthe pathsection, someconsecutie waypoints,anda sequence
numberindicatingwherethesewaypointst into the pathsequenceBy gatheringlists
of sggmentsfrom multiple sensorghe entire path can be assemblegieceby piece
astherobotmoves. Pathsthat crossthemselesallow for somefault tolerancen the
robotsknowledgeof the path, sinceif the robotlosesthe path,it may have a future
sggmentalreadystoredif it haspassedan intersection.Oncethe robot hasacquired
pathsggmentsfrom a sensorit canthenarrangethem sequentiallyand follow them
in order Thusthe pathitself is independenbf the sensors own locationandcanbe
speci edto ary level of precisionneeded.

2Qtherpatternsof radiation(a starpatternof 72 deg) mightincreasehelik elihoodof interceptsccurring,
thoughthey alsoincreasehe numberof sensorsnvolved.
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Algorithm 3 The QueryRathalgorithmfor robotguidance.
while foreverdo
/I Seekpathinformationfrom the sensors
Broadcasa QueryOnPath message
Listenfor the rst sensotto reply
if asensorreplieswith anOnPathAck messag¢hen
SendaQueryPath messagé¢o thatsensor
/I Thesensoshouldreply with alist of PathSgmentst is on
if thatsensoreplieswith a QueryAck messagéhen
Store the PathSgmentsfrom the QueryAck messagen order of prece-
dence.
Il Guidetherobot
if RobothasreachecturrentWaypointthen
Getnext Waypointfrom list in orderof precedence
Headfor next Waypoint

Figure4: A Mica Mote with sensotboardandlongrangeantenna.

3 Experiments

3.1 Experimental setup

The SensorNetwork Hardware Our algorithmsare hardwareindependenbut the
messagdormatsusedby the networked systemare hardware dependent.We usea
sensonetwork thatconsistof 54 Mica Motes[23,24], seeFiguresl and4. Eachnode
containsa main processoandsensomboard. The Mote handledataprocessindasks,
A/D corversionof sensooutput,RFtransmissiomndreceptionanduserinterfacel/O.
It consistsof an Atmel ATMegal28microcontroller(with 4 MHz 8-bit CPU, 128KB
ash programspace4K RAM, 4K EEPROM), a916MHz RFtransceier (50Kbits/sec,
nominal30mrange),a UART anda4Mbit serial ash. A Mote runsfor approximately
onemonthon two AA batteries.It includeslight, sound,andtemperaturesensorsbut
othertypesof sensorsnaybeadded.EachMote runsthe TinyOS0.6 operatingsystem
with long (120byte payload)messageslhesensorgrecurrentlyprogrammedo react
to sudderincreasesn light andtemperaturéut othersensorymodesarepossible.
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The AutonomousRobot The CSIRO helicopter seeFigurel, is a hobbytype (60
class)JR Ergo, which hasa limited, 5kg, payloadcapability This helicopterdiffers
from othersimilar projectsin usinglow-costsensorgor control. Theseincludea cus-
tominertial measurementnit, magnetometesinda vision system.Thevision system,
implementedn software,providesheightrelative to thegroundandspeedrom optical
o w betweerconsecutie framesat5Hz. A ight computedocatedin the noseactsas
the interfacebetweenthe helicopterandthe control computer allowing the computer
to monitoror take over ary seno channel.

The controlcomputetis an800MHz P3with solid-statedisksrunningthe LynxOS
operatingsystem.t is responsibldor runningthe vision software,the controlloops
anddatalogging. A 1Hz differential GPSrecever anda Proximradioethernetardare
also tted. A Moteis tted to thenoseof thehelicopterandfunctionsasabase-station.
It communicate®ver a seriallink with the control computerwhich runsapplication
softwareto interactwith the sensometwork ontheground.For thelocalizationexper
imentsit broadcastthe helicopters differential GPSpositiononcepersecond.

Experimentalal sites In March 2003 we conductedoutdoorexperimentswith the
robothelicopterand54 Mica Motes,seeFigurel, atthe CSIRO sitein Brisbane.The
Moteswereplacedatthenodesof aémgrid onagentleslope.Thegrid wasestablished
usingtapemeasuresindthe cornerpointswere suneyed usingdifferential GPS,and
the coordinate®f the otherpointswereinterpolated.

Experimentshovedthattheradiorangeof the Moteswasvery pooroutdoorsand
thisis discussedurtherin Section3.5.1.A base-statioiMote connectedo alaptopwas
usedto controlthe Mote network. Figure5 shavs thelayoutof the Motes,represented
by diamondsoverlaidwith the ight pathof therobot.

In SeptembeR003we conducteda secondroundof experimentsin the Planetary
RoboticsBuilding at CMU. We implementedherobot-assistetbcalizationalgorithm
andthe sensorassistedguidancealgorithm on an experimentaltestbedconsistingof
a sensometwork with 49 Mica Motes[23,24] anda ying robotsimulator For this
experimentthe ying robotconsistof 4 computercontrolledwinches(implemented
using Animatics Smartmotors)locatedat the cornersof a squarewith cablesgoing
up to pulleys at roof heightthendown to acommonpointabore the ™ ying' platform.
The craneis controlledby a sener programrunningon a PC. Commandsand status
arecommunicatedisingthe IPC protocol[41]. Theplatformcomprisesa single-board
Pentium-basedomputerrunningLinux, with an802.11link andanon-boardserially
connectedase-statioMote, to communicatewith the sensoreld. Therobothasa
workspacealmost10 m squareand4 m high. We useda 7x7 grid of sensorslaid out
with a 1 meterspacing,seeFigure 6(a), wherethe diamondsrepresenthe suneyed
positionsof the Motes.

The Flashlightsensotinterface[35], seeSection3.5.2,wasusedto adjustthe RF
power of the sensorsn the grid to anoptimallevel for communicatiorwith therobot,
essentiallya trial-and-erroradjustmentgraduallyincrementingthe Mote power until
therobotwasgettinggoodcommunications.
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3.2 Localization Results

In thissectionwe compareempiricallytheperformancef the ve? differentapproaches
to localizationintroducedin Section2.1 usingdataacquiredduringexperiments.The
errorbetweerestimatedaindactualMote coordinatdor eachof thealgorithmss shavn
in Figure5. Theresultshave beencomputedof ine using GPScoordinatesbtained
from the actualhelicopterpathshown in Figure5. The parametersisedwered = 20
andsnyin = 470 We canseethatthe meanandweightedmeanare biased,partic-
ular in the Eastingdirection, dueto the pathtaken by the helicopterand/orthe lobe
shapeof the Mote antennaThemethodstrongestis simplebut hashighresidualerror.
The median doesnot performsigni cantly betterthanthe meanor wmeanestimates.
Theconstraint methodwasarguablythe bestperformerandis computationallycheap,
thoughit is sensitve to the choiceof d.

Theerrorsshovn shouldbe consideredvith respecto theaccurag of differential
GPSitself which is of the orderof several metres. Achievablelocalizationaccurag
is of the order of one half the grid spacingwhich is more than sufcient to enable
the geographiaouting stratgjies discussedbove. We note that the methodsdo not
requirea rangeestimatederived from signalstrengtha dif cult inverseproblem[39],
nor make ary assumptioraboutthe sizeor shapeof theradiocommunicationgegion.

In theexperimentswith the ying robotsimulatorat CMU therobotfollowedaser
pentinepath,seeFigure6(a). Oncepersecondhe ying computembtainedts current
coordinatefrom the control computerusing IPC over the 802.11link, and broadcast
this via the onboardbase-stationstatioMote. EachgroundMote recordecall the X,Y
broadcasté receved andusedthe mean methodto estimatets location. Figure6(a)
shaws therobotpathandthelocationsfrom which the positionbroadcastsveremade.
It is clearthatthe Motesdo notreceve messageaniformly from all directions Motes
6 and7 areclearexamplesof this. We speculatehatthis is dueto the non-spherical
antenngatterndor transmitterandrecever Motes,aswell asmaskingof someground
Motesby thebodyof the ying platformitself. Eight Motesrecevedno broadcastsat
all dueto networking errors,paclet loss, or Mote hardwarefailures. The remaining
Motesreceved between?2 and 16 broadcasteachascanbe seenin Figure 6(b) with
a medianvalueof 10. Figure6(c)shaws a histogramof the distancesver which the
broadcastnessagewerereceved,a maximumof 3mandamedianof 1m.

EachMote computests locationusingthe centroidof all receved broadcastshut
canstoreupto 200localizationbroadcastfor laterdownloadandanalysis Figure7(a)
compareghe true and estimatedMVote locations. We can seea generalbiasinward
andthis would be expectedgiventhe the biasin the directionfrom which broadcasts
werereceved. Figure7(b) shavs a histogramof the error magnitudesandindicatesa
maximumvalueof 1.4mandamedianof 0.6mwhichis, again, approximatelyhalf the
grid spacingwhich we achiezedwith therealhelicopteranddifferential GPS[14].

3.3 Challengeswith Distrib uted Localization

In therobot-assistetbcalizationalgorithm,the robotregularly broadcast#s location.
Whenwithin the receptionrangeof the sensorthesebroadcastprovide input to the

3Thebound algorithmwasdevelopedsubsequently
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localizationalgorithm. Thereceptiorrangeis not symmetricadueto thelobe shapeof
boththe transmittingandreceving radiosinvolved, terrain,etc. Sincethe asymmetry
dependson the relative orientationof both antennast will vary from encounterto
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 6(a) shavs an extreme caseof
directionalreceptionin whichthis assumptiorails.

2. With relatively few measurementsccurringwithin thereceptionrangethe esti-
mateof centroidis likely to be biased.

The rst problemis not solvable given currentradios— multiple encountersat
differentrelative antennarientationamight provide someremedy but would increase
the time andcostof ary post-deplgmentlocalizationphase.Somepossiblewaysto
improve thesecondprobleminclude:

1. Increasingthe rate at which position broadcastgre sent,giving more samples
within thereceptionrange,andimproving the estimateof the centroid.

2. Increasinghesizeof thereceptiorrangein orderto acquiremoresamplesOne
way to do this would be to relay messagebetweenclose neighbors,perhaps
basedon ahop-countestimateof distance A disadwantageof this methodis that
theasymmetryproblemis likely to be exacerbated.

3. Decreasinghesizeof thereceptiorrange perhapsombinedwith improvement
numberl, sothatthosebroadcastthatarerecevedarevery closeto thelocation
of the sensor Of coursethisincreaseshe possibilitythata nodewill receve no
broadcasatall.
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To investigate the ef cacy of suchimprovementswe have conductednumerical
experimentsn which we vary the rateat which the robot broadcastés position,and
theradioreceptiorrange.ln early simulationstudieswve obseredthatthelocalization
resultis stronglydependenbn the pathof therobotwith respecto thedeplojednodes.
To sidestepthis path dependencg@roblemwhile testingpostulateg1-3) above, our
simulationusesa x edserpentingobotpathand100sensorsleployedrandomlywith
a uniform distribution in a squareregion 100 100m. The robot startsat the origin
in the lowerleft corner moves100mto theright, up 20m, 100mto the left, thenup
another20m andrepeatghe cycle. The meaninternodespacingis 17m. The radio
propa@tion modelassumeshat signalstrengthdecreasewith distanceandbecomes
zeroat the maximumdistanceparametewhich we canalsovary.

For eachexperimentwe randomlydeploy the sensorsthenfor eachnode,we run
the six localizationalgorithmswith a particularsetof simulationparameterssuchas
radiorangeandbroadcastate. For the constr methodwe setd = 20. The meanand
maximumlocalizationerrorstatisticor all thenodess thencomputed We repeathe
experimentl00times,andcomputesecond-ordestatistics:meanandstandardievia-
tion of the singleexperimentmean,aswell asthe maximumof the singleexperiment
maximums.

Figure8 shavs someof theresults.We obsere thatasthenumberof broadcast-
creasegie. broadcastsreclosertogetherthelocalizationerrordecreaseandreaches
a plateauat around5m or better The methodstrongestperformsleastwell, andthe
methodsconstr andbound performidentically sincethe actualandassumedransmit
radii areequal.

Foragivennumberof broadcast$0, alongthepathwe investicatetheperformance
of the methoddor varyingtransmitradius.We seethatthe methodconstr, previously
a strongperformer breaksdonvn whenthe actualand assumedransmitradii are not
equal. Thebestperformerin this testis wmean, thoughmeanandbound alsobehae
well.

We planto extendthesenumericalexperimentgo includestochastipacletrecep-
tion modelsandnonsymmetricradioreceptionrmodels.

3.4 Path Routing Results

In orderto measurehe sensomnetwork responsé¢o computingupdatingandpropagt-
ing pathinformationwe have implementedhe algorithmsdescribedn Section2.2 on
the deployed sensometwork. Several differenttypesof path have beentried andthe
methodworksreliably.

Figure9 shavs pathpropagtionresultsfrom vedifferentruns.Eachpathconsists
of 17 intermediatgpoints,arrangedn a U shapearoundthe exterior of the Mote grid.
The spacingbetweeneachtwo Moteswas 6 metersso the total path lengthwas 96
meters.Theaveragepathpropagtiontimeis 1.7 secondsvhichtranslatesnto aspeed
of 56 m/sec. This propagtion time is very fastcomparedo the speedof the ying
robot. We concludethatthe pathcomputatioris practicalfor controllingthe navigation
of a ying robotthatneedgo adaptits pathto changesn theenvironment.

For our geographigoutingwe obsered 2 to 6 messagepersensorlongthe path,
whereador ooding all the sensordecomenvolvedin messagdorwarding,eachof
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themreceving betweerl4to 17 messagesT hisvectorstyleof routingis clearlymuch
moreefcient than ooding in termsof the numberof messagesequired.

3.5 Navigation Results

Oncelocalized,a Path messageavas sentfrom the basestatiorio establisha path
throughthe Mote eld. ThePath messag@ropagtedusingthe algorithmdescribed
in Section2.2. Thenthe robotwasturnedloosein a pathfollowing mode,usingthe
algorithmin Section2.3. It queriedfor pathwaypointsandbuilt up alist of waypoints
asit followedthe path. We experimentedvith a squarepath(aroundthe borderof the
grid) andan X shapedath(cornerto centerto corner).Therobotfollowedbothtypes
of pathperfectly Eventhoughthe localizationof the Moteswas not perfect,it was
sufcient to supportthe geographiaouting of the Path messagevith a 1m width.
The actualpathitself was storedas perfectly preciseinformationin theseMotesand
henceherobotwasableto obtainprecisewaypointsto follow, resultingin perfectpath
following (within the tolerance®f the robot) asshovn in Figure10. Thelocalization
accurag only needgo besufcient to ensurepathpropagtion.

Sincethereweremultiple Motesalongeachsggmentof the path,therewasredun-
dantinformationin thesensoreld in caseary of the Moteswerenotworking (andas
it laterturnedout about6—7 of themwere not during eachtest, eitherdueto defunct
radios,or dueto not hearingary messagefor otherreasons.)
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Figure10: Pathfollowing performanceTheactualpathfollowedby therobotis shavn
in black,andthe asterisksndicatewaypoints.The pathstartedat node?.

3.5.1 Lessons.earned

In the outdoorexperiments,even thoughthe Moteswere tted with externalhelical
antennasndtransmitpowver wassetto maximumwe foundthatthe communications
rangewaspoor, notquitethe6m Mote spacing.Indoorswe hadreliablecommunication
atrange<f 10to 15mthroughwalls. We foundthatthislossof communicationsange
outdoorswvasdueto closeproximity with thegroundwhichwasfairly moist. We found
thatraisingthe Motesabout16cnt off the groundmadea signi cant improvementto
the transmissiorrange. We found that the ground-to-airand air-to-groundcommuni-
cationrangesveresymmetric.However, air-groundcommunicatiorwasmuchlonger
rangethanMote-to-Motecommunication.

We noticedthatMote communicationreliability droppedoff smoothlywhenMotes
weremaving apart,but only improved stepwisefor Motesmaoving together Measure-
mentsof recevedsignalstrengthlshavedthis phenomenoglearly Relative orientation
of thetwo antennaslso makes a differenceas doesthe orientationof the helicopter
sincethebody of thevehicleactsasa shieldfor Motesbehindit.

We have gainedseveral otherinsightsinto networkedrobots.Datalossis common
in sensometworks andhasmary causesncluding: network congestionfransmission
interferenceand garbledmessagesWe obsened that the transmissiorrangein one
directionmaybe quite differentfrom thatof the oppositedirection. Thus,theassump-
tion thatif a noderecevesa paclet from anotherode,it cansendbacka pacletis
too idealistic. Network congestioris very likely whenthe messageateis high. This
is aggravatedwhennodesin closeproximity try to sendpacletsat the sametime. For

4Thisis onehalf wavelengthat 916MHz, the Mote operatingfrequeng.
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Figure 11: (a) The Flashlightdevice. (b) The guidancepath programmednto the
motes.(c) Theguidanceresults.(d) Map of magnetidNorthin hallway.

a sensometwork, becauseof its small memoryand simpli ed protocol stack, con-
gestionis a signi cant problem. The uncertaintyintroducedby dataloss,asymmetry
congestionandtransientlinks is fundamentaln sensometworks andshouldbe care-
fully consideredn developingmodelsandalgorithmsfor systemghatinvolve sensor
networks.

3.5.2 Extensionto Guiding Humans

Thetechniguesve have developedfor guiding robotscanbe extendedto humanshut
we needsomeinterfacebetweerhumanandthe sensometwork. The sensoryFlash-
light, seeFigure11(a),is a hand-helddevice which usesthe metaphorf a ashlight
to provide this connection Whenpointedin aspeci c direction,theFlashlightcollects
information from all the sensordocatedin that direction and providesits userwith
feedback.

The Flashlightconsistsof an electronicanalogcompassalert LED, pagervibra-
tor, a 3 position mode switch, a power switch, a rangepotentiometersomepower
conditioningcircuitry, a microcontrollerbasedCPU, andan RF transceter. The pro-
cessingand RF communicatiorcomponent®f the Flashlightandthe sensometwork
are Berkeley Motes[24]. The potentiometeis usedto setthe detectionrange. The
electroniccompasssuppliesheadingdata,indicatingthe pointeddirection of the de-
vice. Whentheuserpointsthe Flashlightin adirection,if sensoreportsof theselected
type arereceived from ary sensorsn thatdirection,a silentvibrating alarmactivates
andtheLED lights. Thevibrationamplitudecanbe usedto encodehow far (in number
of hopsor range)wasthe sensotthattriggered. The device canalsoissuecommands
to the sensorsn the directionit is pointing, causingsensorsat a speci ed rangeto
activate/deactiate.

In an experimenton humanguidancewe deplo/ed 12 Mote sensorslong corri-
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dorsin our building and usedthe Flashlightand a modi cation of the pathguidance
approactpresentedbove to guidea humanuserout of the building. Sincethe Flash-
light only knows its orientationand not its location, the path dataconsistedonly of
compasslirections.Figure11(b)shavs a mapof thedirectionsprogrammednto each
mote. The Flashlightinteractedwith sensordo computethe next direction of move-
menttoward the exit. For eachinteraction,the userscannedhe ashlight from side
to sideuntil the Flashlightindicatedthe preferreddirection. The userthenwalkedin
thatdirectionto the next sensorandrepeatedhe process.At eachscanwe recorded
the correctdirectionandthe directiondetectedoy the Flashlight. Figure11(c) shavs
the resultingguidancethe Flashlightprovided the userin nding anexit to the build-
ing. Thedirectionalerrorwas8% (or 30 degrees)on averageandwasmostly dueto
thevariationin the magnetic eld in the building asshavn in Figure 11(d). Note the
large magneticdeviation on the stairs, causedoy the presenceof metalhandrailings
andbalusters.However, becausehe corridorsandof ce doorwaysarewide, andthe
sensorsufciently densetheexit wasidenti ed successfullyAn interestingquestion
is how denseshouldthe sensorde, giventhefeedbackaccurag. Futurework will fo-
cusonimproving directionalandpositionalaccurag andaddressindnow to copewith
sensorsignalsrecevedfrom the othersideof walls andfrom oors above andbelow.

4 Conclusions

We have describedh sensonetwork anddevelopednovel algorithmsthatprovide guid-
anceinformationto robotor humanusers.Sucha network greatlyextendsthe sensory
reachof anindividual robotor humanandprovidesfor mary differentmodesof nav-
igation. We have describeda networked approacho robot navigation that allows the
robot to respondto remotelysenseddataand adaptits headingin responsdo it. A
sensometwork and mobile robot cooperateto control the motion of the robot. The
robothastaskinformationandthe sensonetwork containghe ervironmentdatain the
form of adistributedmap. Thesensonodescooperateo updatethe mapin responsé¢o
changesandto transmitthesechangeso therobotcontrolin theform of pathupdates.
The interactionis alsobidirectional. The robotis ableto provide informationto the
network andwe have demonstratethe power of this in thetaskof nodelocalization.

We have implementedhe navigation protocolson a network of 54 Mote sensors
in a large-scaleoutdoorsetting,andtestedaspectof helicopterand sensometwork
interaction.Experimentdiave shavn the effectivenesof geographior vectorrouting,
andtheef cacy of usingthe ying robotto localizenodes.Variouslocalizationalgo-
rithms were comparedusing experimentaldata. We were ableto load pathsinto the
deplosed sensoreld and manuallytestthe robot and humannavigation algorithms.
Futurework will focuson gatheringdatafrom robotnavigationtrials anddemonstrat-
ing sensoibasedpathadaptation.
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