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ABSTRACT

Autonomousmobileagentnavigationiscrucialtomany mis-
sion-criticalapplications(e.g., searchandrescuemissions
in adisasterarea).In thispaper, wepresenthow sensornet-
works may assistprobabilisticroadmapmethods(PRMs),
a classof ef�cient navigation algorithmsparticularlysuit-
ablefor dynamicenvironments.A key challengeof apply-
ing PRMalgorithmsin dynamicenvironmentis thatthey re-
quirethespatiotemporalsensingof theenvironmentto solve
a given navigation problem. To facilitate navigation, we
proposea setof querystrategiesthatallow a mobileagent
to periodicallycollect real-timeinformation(e.g., �re con-
ditions) aboutthe environmentthrougha sensornetwork.
Suchstrategiesincludelocalspatiotemporalquery(queryof
spatialneighborhood),global spatiotemporalquery(query
of all sensors),and borderquery (query of the borderof
danger�elds). We investigatetheimpactof differentquery
strategies throughsimulationsundera set of realistic �re
conditions.We alsoevaluatethefeasibilityof ourapproach
usinga real robotandrealmotes.Our resultsdemonstrate
that(1) spatiotemporalqueriesfrom asensornetwork result
in signi�cantly better navigation performancethan tradi-
tional approachesbasedon on-boardsensorsof a robot,(2)
theareaof local queriesrepresenta tradeoff betweencom-
municationcost and navigation performance,(3) through
in-network processingour borderquery strategy achieves
thebestnavigationperformanceat a small fractionof com-
municationcostcomparedto globalspatiotemporalqueries.

1. INTRODUCTION

Awarenessof the environmentplays an importantrole in
mobile robot navigation. Until recently, the robotsmostly
relied on the on-boardsensors.However, as the technical
challengesof sensornetworks arebeingsolved, a new in-
terestraisedto employ them in the robot navigation task.
Thereareseveral advantagesof usinga sensornetwork in
this task. Perhapsthe most importantoneis a sensornet-
work'sability to relayinformationfrom notonly therobot's
vicinity but also from distantregions of the environment.
Reductionin thecostcanbeanotheradvantage,sincesev-
eraldistributedcheapsensorscanreplaceexpensiveon-board
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sensors.Also, onceanetwork is deployed,it canbeusedby
multiple agents,andevenhelpseparatedagentscoordinate
theirmovements.

Sensornetworksaresuccessfullyutilized for robotnav-
igation [1, 2]. However, mostof thesemethodsuseall the
sensorsin thenetwork increasingpowerconsumption.Also,
they distribute the path�nding taskto sensornodeshence
reducingthe �e xibility of usinga differentpath�nding al-
gorithm. They mayalsofail to adaptmultiple robotsif the
initial network wasdeployedfor asinglerobot.

Pathplanningalgorithmsdevelopedin theroboticscom-
munity arecapableof navigation in complex environments
[3]. In particularwe notethe roadmapmethodswhich can
quickly answermany diversepathplanningqueriesin the
sameenvironmentusinga map,typically constructeddur-
ing preprocessing,containinga network of representative
feasiblepathsin the environment. In essence,thesemaps
functionsimilarly to driving mapsin thatoneplansa route
by �rst locatingtheir initial and�nal positionsandthense-
lecting a routeconnectingthemfrom the roadsandhigh-
waysshown on themap.

In this work, we investigate how the addition of spa-
tiotemporalinformationthroughthesensornetwork canbe
usedto build a roadmapof theenvironmentwhich enables
moresophisticatednavigation.Ourgoalis tonavigatesafely
in a danger�eld, i.e., reacha goal while avoiding the dy-
namicdangerousregions.Thisdynamismrequirestherobot
to modify its route continuouslyto avoid the danger. In
order to build a roadmapwe usea ProbabilisticRoadmap
Method(PRM)[4]. Probabilisticroadmapmethodsareshown
tobeprobabilisticallycompleteandthey aresuccessfulwhere
deterministicalgorithmsfailed due to time complexity of
the navigation problems. They are very fast, and can be
appliedin the dynamicallychangingenvironments.In our
integrationof sensornetworkswith PRMs,sensornetworks
passthespatiotemporalinformationto therobot.Theinfor-
mationcanbepartial(e.g.,only local vicinity of therobot),
or global (e.g.,all sensorsresponseto a query). The robot
usesthis informationto updateits roadmap.If it discovers
that the currentroutegoesthrougha dangerousregion, it
�nds alternativeroutesontheroadmap.Pleasenotethatour
work caneasilybe appliedto otherareaswherethe robot
navigatesbasedonthedynamicallychangingenvironmental
information.For example,in a scenariowhereoil is spilled
to the environment,a cleaningrobot cangatherthe pollu-



tion informationthroughsensornetwork andcanfollow a
paththatwill collecttheoil. In anexplorationscenario,the
motescanstorethe informationaboutwhetherthe region
wasvisitedor not.

In earlierwork, Bayazitet.al.[5] showed that roadmap
algorithmscapturingtheglobalspatiotemporalinformation
abouttheenvironmentperformsbetterthanothercommonly
usednavigation algorithmsin multi-robot scenarios.In a
sensornetwork, the global spatiotemporalinformationcan
be capturedby queryingall sensors.However, this global
queryapproachconsumessigni�cant energy andmaycause
network congestion.Furthermore,it maynot benecessary
or bene�cial to querysensorsfaraway from therobotwhen
sensordatachangerapidly in dynamicenvironments. To
overcomesuchdrawbackswesuggesttwo new querystrate-
gies to facilitateef�cient navigation, local queryandbor-
der query. In local query, a robot only queriesits spatial
neighborhood,wherethesizeof thequeryareacanbetuned
to achieve desiredtradeoff betweenenergy/communication
costandnavigationperformance.In borderquery, only the
sensorsin theborderof adangerrespondsto agivenquery.

In order to validateour approach,we have testedour
systembothonarealsensornetwork with arealrobotanda
simulatedrobotwith a simulatednetwork. Our sensornet-
work simulatoris built on topof NIST FireDynamicsSim-
ulator [6]. Using our software, we can simulatea sensor
network which canrelayreal-timetemperatureinformation
from aspreading�re. Combiningoursensornetwork simu-
latorwith arobotsimulator, Player/Stage[7], wefoundthat
whenthey aresuppliedwith real-timetemperaturedataby a
sensornetwork, PRMscansuccessfullynavigatea robot in
a �re. We alsofoundthatusinga borderquerystrategy, we
cancapturethe spatiotemporalinformationat the reduced
cost. Our experimentswith the real robot showed that we
canuseouralgorithmona realscenarioaswell.

In thenext section,we give a summaryof relatedwork.
In Section3 we brie�y describeour system.Section4 dis-
cussesdifferentquerystrategieswe investigate. Section5
describesour navigation strategy. We presentour experi-
mentalresultsin Section6 andSection7 concludesour pa-
per.

2. RELATED WORK

Recentlytherewere successfulapplicationsof using sen-
sor networks to navigate a robot to a goal [1, 2]. These
algorithmsusesensornetworks to computea path for the
robot. They usewavefrontexpansionto updatethepathin-
formationwhich may result in a �ood of messagesin the
network increasingthecommunicationoverheadandpower
consumption.Also sincethey needcontinuousupdate,there
will belesstime for nodesto sleep.In contrast,wepropose
a new strategy wherenodesonly sendmessageswhenthey
arenearthe robot andwithin the rangeof a danger. So if
a nodeis outsideof the robot's query rangeit could stay
in sleepmode. We alsobelieve that our approachis more
�e xible. For example,if the network is deployed for one
robotandif two robotsarerequiredto moveto two different

goals,wavesoriginating from the two goalswould create
problems.In our approach,thepath�nding is doneby the
robot,hencereducingthe computationalcostover the net-
work andaddingsome�e xibility . For example,two robots
canstill usethesamenetwork withoutmessagecongestion.

Thereareotherapplicationsof sensornetworksfor robot
navigationtask.In [8], asensornetwork givesapathto help
anautonomousagentto reacha goal.Thepathis foundus-
ing thewavefrontexpansionof [1]. Similarly, [9, 10] usea
potential�eld basedonvalueiterationto �nd apathanddi-
recttherobot.Henceall of thesealgorithmsalsosuffer from
the drawbacksdiscussedabove. In addition to using the
sensornetwork for navigation,mobileagentsarealsoused
to increaseconnectivity of a sensornetwork [11, 12, 13].
In order to reducethe network responsetime and power
consumption,MobiQuery [14] utilizes prefetchingso that
a robot can have the sensordatareadywhen it reachesa
destination.

3. SYSTEM OVERVIEW

Our systemconsistsof threecomponentsthat enablesafe
navigation in a dangerousregion: (i) a sensornetwork to
collect real-timeinformationaboutthe environment,(ii) a
robotwith amoteconnectedto it, and(iii) acontrollerwhich
navigatestherobotbasedon the informationfrom thesen-
sor network and on-boardsensors(seeFigure 1). In our
implementationwe have bothphysicalandsimulatedcom-
ponents,i.e., we canreplacea real robot with a simulated
robot or replacethe real sensornetwork with a simulated
network. Thedetailsof thesimulatorsaredescribedin Sec-
tion 6.1.

We have someassumptionsaboutour system.First,we
assumetherobotknows its location.Themotesin thesen-
sornetwork arealsoassumedto know their locations.These
assumptionsarerealisticsince:(a)robotmayhaveon-board
odometryand�oor plan,(b) thepositionsof themotescan
beassignedduringthedeploymentor they canbecomputed
laterusingthelocalizationalgorithmssuggestedin [15, 16].
Theenvironmentcoverageof thesensornetwork is uniform
and we assumesymmetricradio links betweenneighbor-
ing motes,whichcanbeachievedusinganapproachsimilar
to [17]. Pleasenote that sinceour goal is to validateour
approach,we haven't implementedissuessuchas sensor
noise,sleepingschedule[18, 19], network congestioncon-
trol [14] or borderdetection[20] in our experiments.We
areworking on addressingthemin our systemwith thead-
dition of algorithmsrelatedto thoseissues. Thecommuni-
cationbetweentherobotcontrollerandthesensornetwork
is donethroughmulti-hopcommunicationbetweena mote
connectedto thecontrollerandnearbymotesof thesensor
network. The systemhastwo kinds of messages:a query
message,whererobotrequeststhedangerinformationfrom
themotes,andadatamessagewhereamotereturnsthedan-
ger information. The query messageis broadcastedonce
by therobotandpropagatedin thesensornetwork, andthe
motesreceiving thequerymessagesendsthedatamessages
until someprede�nedtime is expired.



Our systemintegratesits componentsin the following
way. The controllerusesa PRM algorithmto safelynavi-
gatein theenvironment(seeSection5). It usesthedanger
informationof the environmentgatheredthroughthe sen-
sornetwork. Thecontrollerperiodicallyqueriesthesensor
network throughthe mote that is connectedto the robot.
Thequerydisseminationanddatacollectioncomponentsof
our systemrun on all of the motesin the network. When
thecontrollersendsthequerymessageto nearbymotes,the
querydisseminationcomponentin thosemotesforwardthis
messageto themotesin theenvironment.As a responseto
thisquery, motesgeneratedatamessagesandusingthedata
collectioncomponentthey sendtheir databackto themote
on therobotover multiplehops.Themoteon therobotfor-
wardsthesemessagesto thecontrollerandit plansthepath
andmovestherobotaccordingly.

We addressthe power consumptionand network con-
gestionusingdifferentquerystrategies.Weusebothgeneral
spatiotemporalqueriesandqueriesthatspecifytheareasof
interest.We have classi�ed our queriesin two types: spa-
tiotemporalandborder-response.We further classi�ed the
queriesinto two typesbasedon their ranges(i.e., vicinity
of the robot or entirenetwork): global andlocal. We will
discussthesestrategiesin thenext section,however a brief
overview of themis describedbelow.

Global vs local query. Thepurposeof globalqueryis
to let the robotknow aboutthewholeenvironmentto plan
a goodpath,while in local querytheinformationaboutthe
environmentis limited. All the motesin the network re-
spondto aglobalquery, whereasin localqueryonly agroup
of motesthatarecloseto therobotrespond.This would re-
ducethenumberof messagesgeneratedby thesensornet-
work.

Border-responsevsspatiotemporalquery. Spatiotem-
poralqueryis a regularquerywhereeachmotein thequery
rangerespondsto query. Even in a local query, this may
generateanextra amountof messages.In orderto balance
the trade-off betweensafetyandfair usageof network re-
sources,we suggesta new query responsestrategy where
only thesensorswhichareonthebordersof dangerousareas
respond.The othernodesact only asroutersto propagate
datamessagesfrom bordernodesto the robot. Similar to
spatiotemporalquery, a border-responsequerycanbedone
in localor globallevel.
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Fig. 1. Systemoverview.

4. QUERY STRATEGIES

As wehavediscussedbefore,ourbasicquery, spatiotempo-
ral query generatesa tree from a query source. We have
also extendedthis generalquery type to border-response
in orderto make fair useof thenetwork resourceswithout
compromisingsafety. We areplaningto incorporateMobi-
Query[14] to oursystem.

Spatiotemporalquery. In aspatiotemporalquerystrat-
egy, whenever the robot needsto make a query, the mote
on therobotbroadcastsaquerymessageQ(qc; r ; t r ; � t; tp),
indicatingthequerycenter(qc) andthequeryradius(r ) in
order to be able to identify the sensorsto respond,query
senttime (t r ), the query's validity duration(� t) which de-
terminesthe lifetime of the query, the periodof the query
(tp) which indicatesdatagenerationperiod of the motes.
An internal parameter, a depth �eld is also attachedto a
query. The depth�eld is 0 for the initial query. Oncethe
robotbroadcastsaquery, it is receivedby themotesthatare
in the communicationdistance.Thosemotesincreasethe
depth�eld andbroadcastit again. The motethat sentthe
querymessagewith the leastdepthis setasthe parentfor
thequeryby eachmote. This way animplicit querytreeis
formed. If the query reachesa motewhich is outsidethe
geographicareaspeci�edby qc andr , it stopspropagating.
Note that both global spatiotemporalqueryand local spa-
tiotemporalquerysharethissameinfrastructure.Theglobal
spatiotemporalqueryis achievedby settingthequeryradius
to 1 .

After the query is disseminatedto the network, all the
moteswithin the vicinity r createdatamessagesevery tp.
Data messagescontain the a destination�eld and a data
�eld. The destinationis alwaysthe motesparentthat was
setbeforein the queryphase.In additionto continuously
sendingthedatamessageseverytp, themotesalsolistenfor
datamessagesthatareaddressedto them(by theirchildren).
If a datamessageis receivedfrom a child, a moteforwards
it to its parent.Sincetheroot of thetreeis themoteon the
robot, every datamessageis eventually reachesthe robot.
This processcontinuesuntil all the answersaresendback
to the robot (seeFigure2(b)). In our implementation,the
robot is slow enoughandstaysin the communicationdis-
tancewhile waiting for thedatamessages.In thefuturewe
will alsoaddthepossibilityto specifya pick-uplocationas
in MobiQuery, sothatevenif therobot is out of thebroad-
castdistanceof the original interfacenodesit canget the
answersfrom anearbynodein its path.

Border-response.Thereareseveraldrawbacksof hav-
ing all sensorsresponda query, suchasunnecessarypower
consumptionandnetwork congestion.In addition,whenthe
robot controller is �ooded with several responses,its pro-
cessingtimemayincrease.Thesedrawbackspersistevenif
theresponseis restrictedto somevicinity. In orderto over-
comesuchdrawbacks,we have developeda querystrategy
whereonly thenodeswith signi�cant informationrespond
to a given query. Other nodesdo not generatedatames-
sagesto besentto therobotbut forward themessagesthat
are sentto them. Rememberthat our goal is to navigate



the robot while avoiding the dangerousareas.As long as
we know aboutthe bordersof the dangers,we can avoid
them.In otherwords,we do not needtheinformationfrom
the motesthat are not on the borderof dangerousareas.
Figure 2(c) shows how the border-responsequery works.
In the situationslike Figure 2(a) that have large danger-
ousareas,several(proportionalto motedistributionandthe
area)motesdo not generatedatamessageswhena border-
responsequeryis used.

In orderto implementborder-response,we have added
a border �ag to thedatamessagesexchangedbetweenthe
motes. This binary �ag representsif a motethinks it is in
theborderof a dangeror not. If theborder �ag is not set,
themessageis not forwardedby themotesto their parents.
In orderto determinea moteis a bordermoteor not, every
moteoverhearsall datamessagesthat it can,even though
they arenot intendedfor thatmoteto beawareof readings
of itsneighbors.By comparingitsown readingsto itsneigh-
bors', a motecandetermineif it is on theborderor not. If
all theneighborsandthemotehave low readings,themote
is in asafezone.Similarly if all theneighborsandthemote
have high readingsthen the mote is deepinside a danger
zone. In bothof thesecases,themoteis not on theborder,
henceit turnsoff theborder �ag in its datamessages.Since
it continuesbroadcasting,its parentknows the moteis not
in danger. If themotesuddenlystopsbroadcasting,thepar-
ent assumesthe child is in dangerandupdatesitself to on
theborderstatus.

This way, only the datamessagesof bordermotesare
forwardedto therobotandtheamountof messagesarere-
ducedin thenetwork. Beforedeterminingif amoteis in the
borderor not, it setstheborder �ag in its messagesto on,
in orderto keeptherobot informedabouttheenvironment.
Thisapproachenablestherobotto getreadingsfrom all the
motesin thebeginning.After learningaboutthereadingsof
their neighbors,someof themotesstartto settheir border
�ags off. Therobothasanideaof whatwould betheread-
ingsfrom silentmotes,sinceit knowstheirold readingsand
they areonthesamesideof thethresholduntil they become
bordermotes.Therefore,this methodreducestheforward-
ing of the datamessageswith minimum information loss.

(a)

r

(b) (c)

Fig. 2. Our sensornetwork querystrategies. (a) Sensornetwork
with differentdangerlevels (darker regions). (b) Spatiotemporal
query getsresponsefrom the nodesin the vicinity. (c) Border-
responsequeryreturnstheanswerfrom thenodesin theborderof
danger. Red(darker) circlesdenotethe motesthat generatedata
messages.

Node failur es. Therearetwo caseswhena nodefails,
eitherit stopssendingmessagesor it sendswronginforma-
tion. We believe we arehandlingboth cases. In the �rst
case,a motestopssendingthemessageswheneitherits de-
stroyedby thedangeror it hasa mechanicalfailure. As we
will seein thenext section,in orderto increasethesafety,
the robot pessimisticallyassumesa region is dangerousif
it doesnot receive any dangerinformationfrom the motes
in that region. This way if a motedoesnot respondthere-
gion coveredby that mote is avoided. If the failed mote
is a parentmote, thanthe messagesfrom its childrenwill
alsofail to reachthe robot so the childrenwill alsobe as-
sumedin danger. However, at the next query, alternative
routesto childrenwill beestablishedandthestatusof their
regionswill beupdated.In thesecondcasewherethemote
sendsthe wrong dangerinformation, the mote will either
sendhigh dangerwhen thereis no dangeror low danger
whenthereis one.In the�rst scenario,therobotwould just
avoid theregionwith thewronginformation.Hencethereis
no signi�cant effect of this kind of error. In thesecondsce-
nario, while evaluatingthe possiblepaths,sincethe robot
incorporatesthedangerinformationfrom nearbymotes,the
impactof thewronginformationwill beminimal.

5. NAVIGATION STRATEGY

5.1. Roadmap-BasedPath Planning with PRMs

Given a descriptionof theenvironmentanda movableob-
ject (the `robot'), themotionplanningproblemis to �nd a
feasiblepaththattakesthemovableobjectfrom agivenstart
to a givengoalcon�guration [3]. Sincethereis strongevi-
dencethatany completeplanner(onethat is guaranteedto
�nd a solution,or determinethatnoneexists)requirestime
exponentialin thenumberof degreesof freedom(DOF) of
themovableobject[3], attentionhasfocusedonrandomized
or probabilisticmethods.

Fig. 3. Queryinga PRM roadmap(C-space).

As mentionedin Section1,ourapproachutilizesaroad-
mapencodingrepresentative feasiblepathsin the environ-
ment.While notingthatour techniquescoulduseany road-
map,ourcurrentimplementationis basedontheprobabilis-
tic road-map(PRM) approachtomotionplanning[4]. Brie�y ,
PRMswork by samplingpoints`randomly' from therobot's



con�gurationspace(C-space),andretainingthosethatsat-
isfy certainfeasibility requirements(e.g.,they mustcorre-
spondto collision-freecon�gurationsof the movable ob-
ject). Then,thesepointsareconnectedto form a graph,or
roadmap,using somesimple planningmethodto connect
`nearby'points.Duringqueryprocessing,thestartandgoal
areconnectedto the roadmapanda pathconnectingtheir
connectionpointsis extractedfrom theroadmapusingstan-
dardgraphsearchtechniques(seeFigure3).

5.2. PRM Navigation in Dynamic SensorNetworks

The original PRM algorithm is developedto avoid obsta-
cles. Two nodesareconnectedif a robot can reachfrom
one con�guration to anothercon�guration using a simple
planningalgorithm. We needto modify it so that therobot
will follow not only a collision freebut alsoa safepath. In
our implementation,the robot doesnot needto know the
positionsof the sensors. It is only aware of its position,
and if thereare obstaclesin the environment, their loca-
tions. Our navigation algorithm �rst builds a roadmapof
the environment. As discussedbefore,a roadmapis basi-
cally a weightedundirectedgraph. A path is a sequence
of edges,�rst connectingrobot's currentcon�guration to
the roadmap,following the roadmapedges,and connect-
ing theroadmapto thegoalcon�guration. Sincetheremay
be morethanonepathreachingthe goal, the robot should
selectthe mostcostef�cient path, i.e., a path that hasthe
lowestweightamongothersequences.If theedgeweights
areknown, this pathcanbefoundusingDijkstra's shortest
pathalgorithm[21]. We de�ned the weight (weight ei )of
eachedge(ei ) connectingtwo con�gurationsck andcl as
weightei = wdist � jcl � ck j+ wtemp � ei temp , i.e.,weighted
sum of the length of the edgeand the temperatureof the
edge.If wtemp is 0, therobotwill take theshortestpathto
the destination,if wdist is 0, the robot will take the safest
pathto thedestination.This formulationof anedgeweight
requires�nding the temperatureof an edge. We de�ned
a temperatureof anedgeasthemaximumtemperaturethe
robotwould faceif it wouldhavetakenthatedge.This tem-
peratureis foundby �rst discretizingtheedgeto a constant
numberof points(100 in our experiments)thatareequally
spacedon theedgeandthen�nding thethetemperatureon
eachpoint. Notethatwe do not have a temperaturereading
at the exact locationof the point unlesswe have a sensor
there. On the other hand,several sensorsmay cover the
samepoint becausetheir sensingrangesmay intersect.So
weinterpolatethetemperatureby averagingthetemperature
readingsfrom the nearbysensors(i.e., the sensorswhich
cover thepoint). As thenew sensorreadingsareobtained,
theedgeweightsof theroadmapareupdated,hencemodi-
fying the pathto avoid the spreading�re. Pleasenotethat
by usinga probabilisticroadmapalgorithm,we gain anad-
vantageover othermotionplanningtechniquesin termsof
ef�ciency in thecomputationwhile maximizingour objec-
tive (i.e.,stayingaway from thedanger).

6. EXPERIMENTS

In ourexperimentswewouldliketo answerfollowing ques-
tions: (i) how successfulour algorithmsarepreventingthe
robotmoving into thedanger, (i) how well differentstrate-
gieswork, and,(iii) how thealgorithmperformswith a real
robot.

In orderto answerthosequestions,we have run our ex-
perimentsboth in the simulatedsensornetwork anda real
robotwith MICA2 motes.

6.1. SensorNetwork Simulator

In orderto validateourapproachwedevelopedasensornet-
work simulatorwhich is availableat:

http://www.cse.wustl.edu/� bayazit/software.
In thesimulation,therobotcontrollerandthesensornet-

work controllerrunsynchronizedin real-time.Themoteon
the robot andthe sensornetwork is simulatedat message-
passinglevel, including packet loss probability, radio and
processingdelays.

Sincewe areinterestedin robot navigation in the case
of dynamicallychangingdangers(i.e., spreading�re), we
needa realistic representationof the danger. We have se-
lectedNIST Fire DynamicsSimulator (FDS) [6] to sim-
ulate a �re. During the simulation, �re may separateto
several branches,somebranchesmay continueto spread
while somegetextinguished.FDSrunsat small time steps
andstoresthetemperatureinformationof selectedlocations.
Onedrawbackof FDSis thatarealisticsimulationwouldre-
quirehoursto run. In contrast,oursensornetwork simulator
is in real-time. Our solutionfor this differencein running
time is basedon the assumptionthat the movementof the
robotdoesnothaveasigni�cant effect in the�re. Thisway,
we canrun FDSwithout a moving robot. Later, our sensor
network simulationreadsFDStemperature�les at speci�c
time stepsandrespondthe queries.This simulatesa real-
istic distribution of the�re. A typical temperaturereadings
by oursensornetwork simulatorafterFDSsimulatesthe�re
distributioncanbeseenin Figure4.

While FDS givesus a realistic�re simulation,we also
needoursensornetwork tobeabletosimulaterealisticwork-
ing conditionsof real sensorsnodes. For this purposewe
have utilized several parameters:(i) communicationdis-
tance, thedistancethat two nodescanexchangemessages,
(ii) lossratio, theprobability thata packet canbelost, (iii)
radiodelay, thedelayintroducedby radiotransmission,(iv)
processingdelay, thedelayintroducebyprocessingin motes,
and,(v) sensordistribution, positionandnumberof motes
in an environment. In order to increasethe realismof the
simulator, we have usedthe parameterscloseto thoseob-
tainedfrom theexperimentswith realmotes[14, 22]. In the
simulation,whena nodereceivesa messageand�nds out
that it needsto respond,thenodepreparesthemessageand
sendsit aftersomesimulatedprocessingdelay. Thereceiv-
ing nodewill seethemessagereadyafter thesumof radio
delayandprocessingdelay. Whena queryis disseminated
by the robot, the answerwill be readyat the querycenter



after all delaysare includedin the total time. We assume
links aresymmetricsothateachnodewill sendmessagesto
its parents.

(a) (b) (c)

Fig. 4. Examplesimulatedsensorreadingsby oursensornetwork
simulatorfor a spreading�re. Thelight regionsarehigh tempera-
tureareas.

6.2. Experimentswith the Simulators

In theseexperimentswe would like to learn how the dif-
ferentparametersin the network caneffect our algorithm.
We areinterestedin thesafepassageof therobotto a goal,
sowe comparethesuccessrateof the travel with different
parameters.In all our experimentswe comparethe per-
formanceof our algorithm with different query response
range,r . We have comparedthe successof the algorithm
wheneitherrobot is gettingits datafrom on-boardsensors
or getting its data from the sensornetwork with a query
rangeof 15, 20, 30, 40, 50, 60, 70 metersor all sensors
(global). We have alsocomparedspatiotemporalquery to
border-response.Therobotis simulatedusingPlayer/Stage
[7].

Envir onment. All ourexperimentsarerunona100x100
metersenvironments. We have used10 differentenviron-
ments. The robot alwaysstartsat the position(10,10)and
tries to reachthe position (90,90). Eachenvironmenthas
10 rectangularburning materialrandomlyplaced. The di-
mensionsof burning materialsareprobabilisticallygener-
atedusinga normaldistribution of (� = 20; � 2 = 5). Fire
alwaysstartsat thecenterof theenvironment.We have run
NIST Fire DynamicsSimulatorin eachenvironmentfor a
simulationof 50 minutes. An exampledistribution of the
�re canbe seenin Figure4. We assume,the robot starts
after400secondsof burningto let the �re spreadtheenvi-
ronment. In thesensornetwork simulator, thereare11x11
motesdistributed arounda uniform grid. Eachmote has
a radio delayof 0.2 seconds,processingdelayof 0.2 sec-
ondsanda messagelossrateof 20% (ARQ is not usedin
our simulations). The radio communicationrangefor the
motesare15 meters.The simulatedrobot is a Pioneer-III
DX [23] (similar to our robot) with a maximumspeedof
20metersperminutesand16on-boardtemperaturesensors
distributed uniformly on a circle aroundthe robot with 1
meterradius.

Experimentsarerun on a Pentium-IV3 GhzLinux ma-
chinewith 2GB memory. The movies of the experiments
canbefoundathttp://www.cse.wustl.edu/� bayazit/sn.

Results.In our experimentswe have �rst comparedthe
effect of querystrategy to travel time of robot to reachthe
goal. Figure5(a)shows our result. In the�gure x-axisrep-
resentdifferentqueryranges,includingonly on-boardtem-
peraturereadingandy-axisis thetimeit tookrobotto reach
thegoal.Thedarkcoloredbaris theresultsfor spatiotempo-
ral queryfor givenrange,andthelight coloredbaris there-
sultsfor border-response.Bothtypeof strategiesrun10dif-
ferentenvironmenttwice (with a differentroadmapat each
run). Theroadmapsizeis 100nodes,andwe try to connect
everynodeto all theremainingnodes.Theresultsshow the
averageof a total of 20 runson eachquerystrategy. From
the resultsit is clear that as the rangeof query increases,
thetime to reachthegoaldecreasesin bothspatiotemporal
and border-responsestrategies. This shows that, the bet-
ter the robotknows how the �re is distributed,the fasterit
canreachthegoal. If the robotknows only a smallarea,a
pathcouldtaketherobotcloserto �re, sorobotspendsextra
time to avoid suchlocal encounters.Therewereno signi�-
cantdifferencesin therunningtimesof bothstrategies.One
interestingobservation wasthat if the robot useson-board
sensors,it reachesthe goal fast. This canbe explainedby
thefact thatsincetherobot's knowledgeaboutthe temper-
aturedatais limited, thedistanceplaysanimportantrole in
theedgeweightcomputations(seeSection5.2). Also, after
thequeryrangeof 50meters(half of theenvironment),there
is nosigni�cant decreasein thetravel time. Thatshowsthat
aftersomequeryrangeis reached,moredatano longerbe-
comesanadvantage.

A fasttravel time doesnot guaranteea safetravel. We
accepta pathsafeif therobotalwaysstaysin low tempera-
ture(lessthan70degreesCelsius)areas.Figure5(b)shows
the successrate (robot reachesthe goal while following a
safepath) for a querystrategy over 20 runs. The success
rateof our querystrategiesincreaseuntil we have a query
rangeof 50 meters(similar to travel time changeafter 50
meters). Surprisinglyif the query rangefurther increases
thesuccessratestartsto decrease.Webelieve thisphenom-
enais resultof increaseddata�ood to therobotcontroller.
As thenumberof messagesto thecontrollerincreases,the
processingtime in thecontrollerincreasesaswell. Wehave
a very fastspreading�re, andas the numberof messages
increase,the robotwill spendmoretime on theprocessing
and�re will catchupwith therobot.

It is clear from Figures5(a) and (b) that sensornet-
works givessigni�cant advantageto robot navigation over
traditionalapproachesbasedon-boardsensors.Usingboth
query techniquesweresaferthanon-boardsensornaviga-
tion. For largerqueryranges,usageof thesensornetwork
alsoreducedthetravel time. Ontheotherhand,thereareno
signi�cant performancepenaltiesfor usingborder-response
insteadof spatiotemporalquery. Next, we investigate the
power consumption. For this purpose,we needa metric
thatapproximatesthepower consumption.Hence,we have
selectedto countthenumberof messagespassedin thenet-
work. Figure5(c) shows themessagecountfor eachstrat-
egy. As expected,thenumberof messagesaresigni�cantly
lessin border-responsewhenqueryrangeis large.



(a) (b) (c)

Fig. 5. Experimentalresultsfor simulatedsensornetwork usingdifferentquerystrategies.(a)Travel timeof therobot. (b) Successrateof
therobotreachingthegoal. (c) Numberof messagessent.

Basedon these�gures, we foundout thata queryrange
of half of the environment (in our case50 meters)with
border-responsestrategy gives bestsafetywhile introduc-
tion minimumsensornetwork resourceoverhead.

6.3. Experimentswith the RealRobot

Fig. 6. Testarenafor therealrobot.

We have alsotestedour algorithmin a real robot. We
have evaluatedthedifferentquerystrategiesaswell asval-
idatedour navigation strategy in the simulationresults. In
this experiment,we want to show that it is feasibleto use
a realsensornetwork with PRMs. Therobotwe have used
is a Pioneer-3 DX by ActiveMedia[23]. Our testarenais
2x3m,robotstartsin (0; 0) andtries to reach(0; 3). There
is a �re in the1x1 metersquarecenteredat (0:5; 1:5). Fig-
ure6 shows our testarena.Our sensornetwork in this en-
vironmentis madeup of 7 MICA2 moteswith temperature
sensors.Therobotcontrollerhasalsoonemoteto commu-
nicatewith thesensornetwork. 4 motesaredeployedonthe
cornersof thesquarein �re. Dueto safetyconcerns,instead
of a real �re, we have setupthosemotesto broadcasthigh
temperature.We �rst testedour robot to �nd its pathwith-
out any helpfrom thesensornetwork. As before,therobot
controllerusedthe PRM algorithmto �nd a path. Due to
the fact that we have a small sensornetwork, we have im-
plementedaglobalspatiotemporalquerystrategy. Sincethe
shortestpathis throughthe �re region, robotwent through
dangerarea(seeFigure7). Next, we have usedsensornet-
work to supplytemperatureinformationof thearena.Using

theseinformation, robot was able to avoid the �re region
andsafelyreachedthegoal(Figure8). Sincewehavealim-
ited numberof motes,we only testedspatiotemporalquery
strategy (all moteswerein theborderof danger).However,
aswehaveshowedin theprevioussection,border-response
strategy performsverysimilarto spatiotemporalquerystrat-
egy. Sincethe arenais small, we have used25 nodesto
generatethe roadmap.Sincethe passagethrough�re was
shorter, travel time for that route was slightly fasterthan
travel timefor thesafepassage(39secondsvs. 52seconds).

7. CONCLUSION

In this paperwe have presentedhow sensornetworks may
assistprobabilistic roadmapmethodsin robot navigation.
We have showed that sensornetwork increasesthe perfor-
manceof a robot controller. We have proposeda border-
responsequerystrategy thatsuccessfullyminimizesthetrade-
off betweenrobotsafetyandsensornetwork resourcecon-
sumption. Our future work includesexperimentingwith a
largersensornetwork with therealmotesandcoordinating
multiple robotsover thesensornetwork. We arealsowork-
ingonissuesrelatedto thesensornetworks,suchasnetwork
congestion,noise,andbetterborderdetectionetc.
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