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ABSTRACT

Autonomousnobileagentavigationis crucialto mary mis-
sion-critical applications(e.g., searchand rescuemissions
in adisasteiarea).In this paperwe presenhow sensomnet-
works may assistprobabilisticroadmapmethods(PRMs),
a classof ef cient navigation algorithmsparticularly suit-
ablefor dynamicervironments.A key challengeof apply-
ing PRMalgorithmsin dynamicervironmentis thatthey re-
quirethespatiotemporatensingf theernvironmentto solve
a given navigation problem. To facilitate navigation, we
proposea setof querystratgiesthatallow a mobile agent
to periodicallycollectreal-timeinformation(e.g.,, re con-
ditions) aboutthe ervironmentthrougha sensometwork.
Suchstratgiesincludelocal spatiotemporajuery(queryof
spatialneighborhood)global spatiotemporatjuery (query
of all sensors)and borderquery (query of the border of
dangerelds). We investigatetheimpactof differentquery
stratgies through simulationsundera set of realistic re
conditions.We alsoevaluatethe feasibility of our approach
usinga realrobotandreal motes. Our resultsdemonstrate
that(1) spatiotemporadueriesfrom asensonetwork result
in signi cantly better navigation performancethan tradi-
tional approachebasedn on-boardsensor®f arobot, (2)
the areaof local queriesrepresent tradeof betweencom-
municationcost and navigation performance(3) through
in-network processingour borderquery stratgy achie/es
thebestnavigation performancet a smallfraction of com-
municationcostcomparedo globalspatiotemporadjueries.

1. INTRODUCTION

Awarenes2f the ervironmentplays an importantrole in
mobile robot navigation. Until recently the robotsmostly
relied on the on-boardsensors.However, asthe technical
challengeof sensometworks are being solved, a new in-
terestraisedto employ themin the robot navigation task.
Thereare several advantagesf usinga sensometwork in
this task. Perhapgshe mostimportantoneis a sensomet-
work's ability to relayinformationfrom notonly therobot's
vicinity but also from distantregions of the ervironment.
Reductionin the costcanbe anotheradwantage sincesev-
eraldistributedcheapsensorganreplacesxpensveon-board
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sensorsAlso, onceanetwork is deployed,it canbeusedby
multiple agentsandeven help separate@dgentscoordinate
theirmovements.

Sensomnetworksaresuccessfullytilized for robotnav-
igation[1, 2]. However, mostof thesemethodsuseall the
sensorén thenetwork increasingpowerconsumptionAlso,
they distribute the path nding taskto sensomodeshence
reducingthe e xibility of usinga differentpath nding al-
gorithm. They may alsofail to adaptmultiple robotsif the
initial network wasdeployedfor asinglerobot.

Pathplanningalgorithmsdevelopedn theroboticscom-
munity arecapableof navigationin comple ernvironments
[3]. In particularwe notethe roadmapmethodswvhich can
quickly answermary diversepath planningqueriesin the
sameenvironmentusinga map, typically constructeddur-
ing preprocessinggontaininga network of representatie
feasiblepathsin the ervironment. In essencethesemaps
functionsimilarly to driving mapsin thatoneplansaroute
by rst locatingtheirinitial and nal positionsandthense-
lecting a route connectingthem from the roadsand high-
waysshovn onthemap.

In this work, we investigate how the addition of spa-
tiotemporalinformationthroughthe sensometwork canbe
usedto build a roadmapof the environmentwhich enables
moresophisticatethavigation. Ourgoalis to navigatesafely
in adanger eld, i.e., reacha goal while avoiding the dy-
namicdangerousegions. Thisdynamisnrequiresherobot
to modify its route continuouslyto avoid the danger In
orderto build a roadmapwe usea ProbabilisticRoadmap
Method(PRM)[4]. Probabilisticoadmapnethodsareshovn
to beprobabilisticallycompleteandthey aresuccessfulvhere
deterministicalgorithmsfailed due to time compleity of
the navigation problems. They are very fast, and can be
appliedin the dynamicallychangingervironments.In our
integrationof sensomnetworkswith PRMs,sensonetworks
pasghespatiotemporahformationto therobot. Theinfor-
mationcanbe partial (e.g.,only local vicinity of therobot),
or global (e.g.,all sensorgesponséo a query). Therobot
usesthis informationto updateits roadmap.If it discovers
that the currentroute goesthrougha dangerousegion, it

nds alternate routesontheroadmap Pleasenotethatour
work caneasily be appliedto otherareaswherethe robot
navigatesbasednthedynamicallychangingervironmental
information. For example,in a scenariovhereoil is spilled
to the ervironment,a cleaningrobot can gatherthe pollu-



tion informationthroughsensometwork and canfollow a
paththatwill collecttheoil. In anexplorationscenariothe
motescan storethe information aboutwhetherthe region
wasvisitedor not.

In earlierwork, Bayazitet.al.[5] shaved thatroadmap
algorithmscapturingthe global spatiotemporaihformation
abouttheenvironmentperformshetterthanothercommonly
usednavigation algorithmsin multi-robot scenarios.In a
sensometwork, the global spatiotemporainformationcan
be capturedby queryingall sensors.However, this global
gueryapproacltonsumesigni cant enegy andmaycause
network congestion.Furthermorejt may not be necessary
or bene cialto querysensorgar avay from therobotwhen
sensordatachangerapidly in dynamicervironments. To
overcomesuchdravbackswe suggestwo new querystrate-
giesto facilitate ef cient navigation, local queryandbor-
der query In local query a robot only queriesits spatial
neighborhoodwherethesizeof thequeryareacanbetuned
to achieve desiredtradeof betweerenegy/communication
costandnavigation performanceln borderquery only the
sensorsn theborderof a dangerespondgo agivenquery

In orderto validate our approachwe have testedour
systenmbothonarealsensonetwork with arealrobotanda
simulatedrobotwith a simulatednetwork. Our sensomet-
work simulatoris built ontop of NIST Fire DynamicsSim-
ulator [6]. Using our software, we can simulatea sensor
network which canrelay real-timetemperaturénformation
from aspreadingre. Combiningour sensomnetwork simu-
lator with arobotsimulator Player/Stag¢7], we foundthat
whenthey aresuppliedwith real-timetemperaturelataby a
sensometwork, PRMscansuccessfullynavigatearobotin
a re. We alsofoundthatusinga borderquerystratey, we
can capturethe spatiotemporainformation at the reduced
cost. Our experimentswith the real robot shaved that we
canuseour algorithmon arealscenaricaswell.

In the next sectionwe give a summaryof relatedwork.
In Section3 we brie y describeour system.Section4 dis-
cussedlifferentquery stratgieswe investigate. Section5
describesour navigation stratgy. We presentour experi-
mentalresultsin Section6 andSection7 concludesur pa-
per

2. RELATED WORK

Recentlytherewere successfubpplicationsof using sen-
sor networks to navigate a robotto a goal [1, 2]. These
algorithmsuse sensometworks to computea pathfor the
robot. They usewavefrontexpansiorto updatethe pathin-

formationwhich may resultin a ood of message# the
network increasinghe communicatioroverheadandpower
consumptionAlso sincethey needcontinuousipdatethere
will belesstime for nodedo sleep.In contrastwe propose
anew stratgy wherenodesonly sendmessagewhenthey

arenearthe robot andwithin the rangeof a danger So if

a nodeis outsideof the robot's queryrangeit 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,waves originating from the two goalswould create
problems.In our approachthe path nding is doneby the
robot, hencereducingthe computationatostover the net-
work andaddingsome e xibility . For example,two robots
canstill usethe samenetwork without messageongestion.

Thereareotherapplicationf sensonetworksfor robot
navigationtask.In [8], asensonetwork givesapathto help
anautonomousgentto reacha goal. The pathis foundus-
ing thewavefrontexpansionof [1]. Similarly, [9, 10] usea
potential eld baseddnvalueiterationto nd apathanddi-
recttherobot. Henceall of thesealgorithmsalsosuffer from
the dravbacksdiscussedabove. In additionto usingthe
sensometwork for navigation, mobile agentsarealsoused
to increaseconnectvity of a sensometwork [11, 12, 13].
In order to reducethe network responsdime and power
consumptionMobiQuery [14] utilizes prefetchingso that
a robot can have the sensordatareadywhenit reachesa
destination.

3. SYSTEM OVERVIEW

Our systemconsistsof threecomponentghat enablesafe
navigation in a dangerousegion: (i) a sensometwork to
collect real-timeinformation aboutthe ervironment, (i) a
robotwith amoteconnectedo it, and(iii) acontrollerwhich
navigatesthe robotbasedon the informationfrom the sen-
sor network and on-boardsensorgseeFigure 1). In our
implementationwe have both physical andsimulatedcom-
ponentsj.e., we canreplacea real robot with a simulated
robot or replacethe real sensometwork with a simulated
network. Thedetailsof the simulatorsaredescribedn Sec-
tion 6.1.

We have someassumptionsiboutour system.First, we
assumeherobotknows its location. The motesin the sen-
sornetwork arealsoassumedo know theirlocations.These
assumptionarerealisticsince:(a) robotmayhave on-board
odometryand oor plan, (b) the positionsof the motescan
beassignediuringthedeploymentor they canbe computed
laterusingthelocalizationalgorithmssuggesteth [15, 16].
Theervironmentcoverageof thesensometwork is uniform
and we assumesymmetricradio links betweenneighbor
ing moteswhich canbeachiezedusinganapproactsimilar
to [17]. Pleasenotethat sinceour goalis to validateour
approachwe haven't implementedissuessuch as sensor
noise,sleepingschedulg18, 19], network congestiorcon-
trol [14] or borderdetection[20] in our experiments. We
areworking on addressinghemin our systemwith the ad-
dition of algorithmsrelatedto thoseissues. Thecommuni-
cationbetweerthe robot controllerandthe sensometwork
is donethroughmulti-hop communicatiorbetweerna mote
connectedo the controllerandnearbymotesof the sensor
network. The systemhastwo kinds of messagesa query
messagewhererobotrequestshedangelinformationfrom
themotes anda datamessag&herea motereturnsthedan-
ger information. The query messagés broadcaste@nce
by therobotandpropagtedin the sensometwork, andthe
motesreceving thequerymessagsendshe datamessages
until someprede nedtime s expired.



Our systemintegratesits componentsn the following
way. The controllerusesa PRM algorithmto safely navi-
gatein the environment(seeSection5). It usesthe danger
information of the ervironmentgatheredthroughthe sen-
sornetwork. The controllerperiodicallyqueriesthe sensor
network throughthe mote thatis connectedo the robot.
Thequerydisseminatioranddatacollectioncomponentsf
our systemrun on all of the motesin the network. When
thecontrollersendghe querymessagé¢o nearbymotes the
guerydisseminatiortomponentn thosemotesforwardthis
messageo the motesin the ervironment. As aresponseo
this query motesgeneratalatamessageandusingthedata
collectioncomponenthey sendtheir databackto the mote
ontherobotover multiple hops. Themoteon therobotfor-
wardsthesemessaget the controllerandit plansthe path
andmovestherobotaccordingly

We addresghe power consumptionand network con-
gestionusingdifferentquerystratgies.We usebothgeneral
spatiotemporadjueriesandqueriesthatspecifythe areasof
interest. We have classi ed our queriesin two types: spa-
tiotemporalandborderresponse We further classi ed the
gueriesinto two typesbasedon their ranges(i.e., vicinity
of the robot or entire network): globalandlocal. We will
discusgthesestratgiesin the next section,however a brief
overview of themis describedelow.

Global vslocal query. The purposeof global queryis
to let the robotknow aboutthe whole ervironmentto plan
agoodpath,while in local querytheinformationaboutthe
ervironmentis limited. All the motesin the network re-
spondto aglobalquery whereasn localqueryonly agroup
of motesthatarecloseto therobotrespond.Thiswould re-
ducethe numberof messagegeneratedy the sensomet-
work.

Border-response/sspatiotemporalquery. Spatiotem-
poralqueryis aregularquerywhereeachmotein thequery
rangerespondgo query Evenin alocal query this may
generatean extra amountof messagesln orderto balance
the trade-of betweensafetyandfair usageof network re-
sourceswe suggesfia newv queryresponsestratgly where
only thesensorsvhichareonthebordersof dangerousreas
respond. The othernodesact only asroutersto propagte
datamessage$rom bordernodesto the robot. Similar to
spatiotemporatjuery a borderresponsejuerycanbe done
in local or globallevel.
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Fig. 1. Systemoverview.

4. QUERY STRATEGIES

As we have discussedbefore,our basicquery spatiotempo-
ral query generates tree from a query source. We have
also extendedthis generalquery type to borderresponse
in orderto make fair useof the network resourcesvithout
compromisingsafety We areplaningto incorporateMobi-
Query[14] to our system.

Spatiotemporal query. In aspatiotemporadjuerystrat-
egy, wheneer the robot needsto make a query the mote
ontherobotbroadcasta querymessag@(oc; r;ty; t; tp),
indicatingthe querycenter(q.) andthe queryradius(r) in
orderto be ableto identify the sensorgo respond,query
senttime (t,), the query's validity duration( t) which de-
terminesthe lifetime of the query the period of the query
(tp) which indicatesdatagenerationperiod of the motes.
An internal parametera depth eld is also attachedto a
query Thedepth eld is O for the initial query Oncethe
robotbroadcasta query it is recevedby the motesthatare
in the communicatiordistance. Thosemotesincreasethe
depth eld andbroadcastt again. The motethat sentthe
querymessagevith the leastdepthis setasthe parentfor
the queryby eachmote. This way animplicit querytreeis
formed. If the queryreachesa mote which is outsidethe
geographiareaspeci ed by ¢, andr, it stopspropagting.
Note that both global spatiotemporatjuery andlocal spa-
tiotemporalquerysharehis samenfrastructure Theglobal
spatiotemporadjueryis achievedby settingthequeryradius
tol .

After the queryis disseminatedo the network, all the
moteswithin the vicinity r createdatamessagesvery tp.
Data messagesontainthe a destination eld and a data

eld. Thedestinationis alwaysthe motesparentthat was
setbeforein the query phase.In additionto continuously
sendinghedatamessagesveryt,, themotesalsolistenfor

datamessagethatareaddressetb them(by theirchildren).
If adatamessagés recevedfrom a child, a moteforwards
it to its parent.Sincetheroot of thetreeis the moteon the
robot, every datamessages eventually reacheghe robot.

This processcontinuesuntil all the answersare sendback
to the robot (seeFigure 2(b)). In our implementationthe
robotis slow enoughandstaysin the communicationdis-

tancewhile waiting for the datamessagedn the futurewe

will alsoaddthe possibilityto specifya pick-uplocationas
in MobiQuery sothatevenif therobotis out of the broad-
castdistanceof the original interfacenodesit cangetthe
answerdrom a nearbynodein its path.

Border-response.Thereareseveral dravbacksof hav-
ing all sensorsesponda query suchasunnecessarpower
consumptiorandnetwork congestionln addition,whenthe
robot controlleris ooded with several responsesits pro-
cessingime mayincrease Thesedravbackspersistevenif
theresponsés restrictedto somevicinity. In orderto over-
comesuchdravbacks,we have developeda querystratgy
whereonly the nodeswith signi cant informationrespond
to a given query Othernodesdo not generatedatames-
sagedo be sentto therobotbut forward the messagethat
are sentto them. Remembethat our goal is to navigate



the robot while avoiding the dangerousareas. As long as
we know aboutthe bordersof the dangerswe can avoid

them. In otherwords,we do not needtheinformationfrom

the motesthat are not on the border of dangerousareas.
Figure 2(c) shavs how the borderresponsequery works.
In the situationslike Figure 2(a) that have large danger

ousareasseveral (proportionafto motedistribution andthe
area)motesdo not generatelatamessagewhena border

responsejueryis used.

In orderto implementborderresponsewe have added
aborder ag to the datamessagesxchangecdbetweernthe
motes. This binary ag represent$f a motethinksit is in
the borderof a dangeror not. If the border ag is not set,
the messagés not forwardedby the motesto their parents.
In orderto determinea moteis a bordermoteor not, every
mote overhearsall datamessageshatit can, eventhough
they arenotintendedfor thatmoteto be awareof readings
of its neighbors By comparingts own readinggo its neigh-
bors', a mote candetermingf it is on the borderor not. If
all the neighborsandthe motehave low readingsthe mote
is in asafezone.Similarly if all theneighborsaandthemote
have high readingsthenthe mote is deepinside a danger
zone. In both of thesecasesthe moteis not on the border
henceit turnsoff theborder ag in its datamessagesSince
it continuesbroadcastingits parentknows the moteis not
in danger If themotesuddenlystopsbroadcastingthe par
entassumeshe child is in dangerand updatestself to on
theborderstatus.

This way, only the datamessagesf bordermotesare
forwardedto the robotandthe amountof messagearere-
ducedin thenetwork. Beforedeterminingf amoteisin the
borderor not, it setstheborder ag in its messageto on,
in orderto keepthe robotinformedaboutthe environment.
Thisapproaclenablegherobotto getreadinggrom all the
motesin the beginning. After learningaboutthe readingof
their neighbors someof the motesstartto settheir border
ags off. Therobothasanideaof whatwould betheread-
ingsfrom silentmotes sinceit knows theirold readingsand
they areonthesamesideof thethresholduntil they become
bordermotes. Therefore this methodreduceghe forward-
ing of the datamessagesvith minimum informationloss.
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Fig. 2. Oursensometwork querystratgies. (a) Sensometwork
with differentdangerievels (darker regions). (b) Spatiotemporal
query getsresponsdrom the nodesin the vicinity. (c) Border
responseueryreturnsthe answerfrom the nodesin the borderof
danger Red (darker) circles denotethe motesthat generatedata
messages.

Node failur es. Therearetwo casesvhena nodefails,
eitherit stopssendingmessagesr it sendsnvronginforma-
tion. We believe we are handlingboth cases.In the rst
caseamotestopssendingthe messagewheneitherits de-
stroyed by the dangeror it hasa mechanicafailure. As we
will seein the next section,in orderto increasethe safety
the robot pessimisticallyassumes region is dangerousf
it doesnot receve ary dangerinformationfrom the motes
in thatregion. Thisway if a motedoesnot respondhere-
gion covered by that moteis avoided. If the failed mote
is a parentmote, thanthe message&om its childrenwill
alsofail to reachthe robot so the childrenwill alsobe as-
sumedin danger However, at the next query alternatve
routesto childrenwill be establishe@dndthe statusof their
regionswill beupdated.In the secondcasewherethe mote
sendsthe wrong dangerinformation, the mote will either
sendhigh dangerwhen thereis no dangeror low danger
whenthereis one.In the rst scenariotherobotwould just
avoid theregionwith thewronginformation.Hencethereis
no signi cant effect of thiskind of error. In thesecondsce-
nario, while evaluatingthe possiblepaths,sincethe robot
incorporateshedangeiinformationfrom nearbymotesthe
impactof thewronginformationwill be minimal.

5. NAVIGATION STRATEGY

5.1. Roadmap-BasedPath Planning with PRMs

Given a descriptionof the ervironmentanda maovable ob-
ject (the “robot'"), the motion planningproblemis to nd a
feasiblepaththattakesthemovableobjectfrom agivenstart
to agivengoalcon guration[3]. Sincethereis strongevi-
dencethatary completeplanner(onethatis guaranteedo
nd asolution,or determinethatnoneexists) requirestime
exponentialin the numberof degreesof freedom(DOF) of
themovableobject[3], attentionhasfocusednrandomized
or probabilisticmethods.

PRM Roadmap - Query

O start C-Space

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

As mentionedn Sectionl, ourapproachutilizesaroad-
map encodingrepresentatie feasiblepathsin the erviron-
ment.While notingthatour techniquesoulduseary road-
map,our currentimplementations basedn the probabilis-
tic road-magPRM) approachio motionplanning[4]. Brie y,
PRMSs work by samplingpoints randomly'from therobot's



con guration space(C-space)andretainingthosethat sat-
isfy certainfeasibility requirementge.g.,they mustcorre-
spondto collision-free con gurations of the movable ob-

ject). Then,thesepointsareconnectedo form a graph,or

roadmap,using somesimple planningmethodto connect
“nearby'points. During queryprocessingthe startandgoal

are connectedo the roadmapand a path connectingtheir

connectiorpointsis extractedfrom theroadmapusingstan-
dardgraphsearchtechniquegseeFigure3).

5.2. PRM Navigation in Dynamic SensorNetworks

The original PRM algorithmis developedto avoid obsta-
cles. Two nodesare connectedf a robot canreachfrom
one con guration to anothercon guration using a simple
planningalgorithm. We needto modify it sothattherobot
will follow notonly acollision free but alsoa safepath. In
our implementation the robot doesnot needto know the
positionsof the sensors. It is only aware of its position,
and if thereare obstaclesn the ervironment, their loca-
tions. Our navigation algorithm rst builds a roadmapof
the ervironment. As discussedefore,a roadmapis basi-
cally a weightedundirectedgraph. A pathis a sequence
of edges, rst connectingrobot's currentcon guration to
the roadmap,following the roadmapedges,and connect-
ing theroadmagpto the goalcon guration. Sincetheremay
be morethanone pathreachingthe goal, the robot should
selectthe mostcostefcient path,i.e., a paththat hasthe
lowestweightamongothersequenceslf the edgeweights
areknown, this pathcanbe found usingDijkstra's shortest
pathalgorithm[21]. We de ned the weight (weight, )of
eachedge(e) connectingtwo con gurationscy andc, as
weighte, = Waist  JC  Ckj+ Weemp € temp » I-€.,Weighted
sum of the length of the edgeand the temperatureof the
edge.If wemp is 0, therobotwill take the shortesipathto
the destination|f wgist is 0, therobotwill take the safest
pathto the destination.This formulationof anedgeweight
requires nding the temperatureof an edge. We de ned
a temperaturef an edgeasthe maximumtemperaturdghe
robotwouldfaceif it would have takenthatedge.Thistem-
peraturds foundby rst discretizingthe edgeto a constant
numberof points(100in our experimentsthatareequally
spacednthe edgeandthen nding thethetemperaturen
eachpoint. Notethatwe do not have atemperatureeading
at the exact location of the point unlesswe have a sensor
there. On the other hand, several sensoramay cover the
samepoint becauseheir sensinglangesmay intersect. So
weinterpolatehetemperaturéy averagingthetemperature
readingsfrom the nearbysensorg(i.e., the sensorswhich
cover the point). As the new sensorreadingsare obtained,
the edgeweightsof the roadmapare updated hencemodi-
fying the pathto avoid the spreadingre. Pleasenotethat
by usinga probabilisticroadmapalgorithm,we gain anad-
vantageover othermotion planningtechniquesn termsof
ef ciency in the computationwhile maximizingour objec-
tive (i.e., stayingaway from thedanger).

6. EXPERIMENTS

In ourexperimentsve would lik eto answeifollowing ques-
tions: (i) how successfubur algorithmsare preventingthe
robotmoving into the danger (i) how well differentstrate-
gieswork, and,(iii) how thealgorithmperformswith areal
robot.
In orderto answerthosequestionswe have run our ex-

perimentshothin the simulatedsensometwork anda real
robotwith MICA2 motes.

6.1. SensorNetwork Simulator

In orderto validateourapproacihwe developedasensonet-
work simulatorwhichis availableat:
http://www.cse.wustl.edu/ bayazit/softvare.

In thesimulation therobotcontrollerandthesensonet-
work controllerrun synchronizedn real-time.Themoteon
the robot andthe sensometwork is simulatedat message-
passinglevel, including paclet loss probability, radio and
processinglelays.

Sincewe areinterestedn robot navigationin the case
of dynamicallychangingdangerg(i.e., spreadingre), we
needa realisticrepresentatiomf the danger We have se-
lected NIST Fire Dynamics Simulator (FDS) [6] to sim-
ulatea re. During the simulation, re may separateo
several branches somebranchesmay continueto spread
while somegetextinguished.FDSrunsat smalltime steps
andstoreghetemperaturénformationof selectedocations.
Onedrawbackof FDSis thatarealisticsimulationwouldre-
quirehoursto run. In contrastpur sensonetwork simulator
is in real-time. Our solutionfor this differencein running
time is basedon the assumptiorthat the movementof the
robotdoesnothave asigni cant effectin the re. Thisway,
we canrun FDS without a moving robot. Later, our sensor
network simulationreadsFDS temperatureles at speci c
time stepsandrespondthe queries. This simulatesa real-
istic distribution of the re. A typical temperatureeadings
by oursensonetwork simulatorafterFDSsimulateghe re
distribution canbe seenin Figure4.

While FDS givesus a realistic re simulation,we also
needoursensonetwork to beableto simulaterealisticwork-
ing conditionsof real sensorsodes. For this purposewe
have utilized several parameters:(i) communicationdis-
tance the distancethattwo nodescanexchangemessages,
(ii) lossratio, the probability thata paclet canbe lost, (iii)
radiodelay, thedelayintroducedy radiotransmission(iv)
processinglelay, thedelayintroduceby processingn motes,
and, (v) sensordistribution, positionand numberof motes
in an ervironment. In orderto increasethe realismof the
simulator we have usedthe parametergloseto thoseob-
tainedfrom the experimentswith realmotes[14, 22]. In the
simulation,whena noderecevesa messagend nds out
thatit needgo respondthe nodeprepareshe messagand
sendst aftersomesimulatedprocessinglelay Therecev-
ing nodewill seethe messageeadyafterthe sumof radio
delayandprocessinglelay Whena queryis disseminated
by the robot, the answerwill be readyat the query center



after all delaysareincludedin the total time. We assume
links aresymmetricsothateachnodewill sendmessage®
its parents.

(@) (b)

Fig. 4. Examplesimulatedsensoreadingsy our sensonetwork
simulatorfor a spreadingre. Thelight regionsarehightempera-
tureareas.

6.2. Experimentswith the Simulators

In theseexperimentswe would like to learnhow the dif-
ferentparametersn the network caneffect our algorithm.
We areinterestedn the safepassag®f therobotto agoal,
sowe comparethe successate of the travel with different
parameters.In all our experimentswe comparethe per
formanceof our algorithm with different query response
range,r. We have comparedhe succes®of the algorithm
wheneitherrobotis gettingits datafrom on-boardsensors
or getting its datafrom the sensornetwork with a query
rangeof 15, 20, 30, 40, 50, 60, 70 metersor all sensors
(global). We have also comparedspatiotemporagjueryto
borderresponseTherobotis simulatedusingPlayer/Stage
[7]-

Environment. All ourexperimentsarerunonal00x100
meterservironments. We have used10 differenterviron-
ments. The robot always startsat the position (10,10)and
tries to reachthe position (90,90). Eachervironmenthas
10 rectangulaburning materialrandomlyplaced. The di-
mensionsof burning materialsare probabilisticallygener
atedusinga normaldistributionof ( = 20; 2 = 5). Fire
alwaysstartsat the centerof the ervironment.We have run
NIST Fire DynamicsSimulatorin eachervironmentfor a
simulationof 50 minutes. An exampledistribution of the
re canbe seenin Figure4. We assumethe robot starts
after400 secondof burningto let the re spreadhe ervi-
ronment. In the sensometwork simulator thereare11x11
motesdistributed arounda uniform grid. Eachmote has
aradio delay of 0.2 secondsprocessinglelay of 0.2 sec-
ondsanda messagédossrate of 20% (ARQ is not usedin
our simulations). The radio communicatiorrangefor the
motesare 15 meters. The simulatedrobotis a Pioneetlll
DX [23] (similar to our robot) with a maximum speedof
20 metersperminutesand16 on-boardemperaturesensors
distributed uniformly on a circle aroundthe robot with 1
meterradius.

Experimentsarerun on a Pentium-1V3 GhzLinux ma-
chinewith 2GB memory The movies of the experiments
canbefoundat http://wwwcsewustl.edu/ bayazit/sn

Results.In our experimentswve have rst comparedhe
effect of querystratgy to travel time of robotto reachthe
goal. Figure5(a) shavs our result. In the gure x-axisrep-
resentdifferentqueryrangesjncludingonly on-boardtem-
peraturaeadingandy-axisis thetimeit took robotto reach
thegoal. Thedarkcoloredbaris theresultsfor spatiotempo-
ral queryfor givenrange andthelight coloredbaris there-
sultsfor borderresponseBothtypeof stratgiesrun 10 dif-
ferentervironmenttwice (with a differentroadmapat each
run). Theroadmapsizeis 100nodesandwe try to connect
every nodeto all theremainingnodes.Theresultsshav the
averageof atotal of 20 runson eachquerystratgy. From
the resultsit is clearthat asthe rangeof queryincreases,
thetime to reachthe goaldecreasem both spatiotemporal
and borderresponsestratgjies. This shavs that, the bet-
ter therobotknows how the re is distributed, the fasterit
canreachthe goal. If therobotknows only a smallarea,a
pathcouldtaketherobotcloserto re, sorobotspendsxtra
time to avoid suchlocal encountersTherewereno signi -
cantdifferencesn therunningtimesof bothstratgies.One
interestingobsenation wasthatif the robotuseson-board
sensorsijt reacheghe goalfast. This canbe explainedby
thefactthatsincethe robot's knowledgeaboutthe temper
aturedatais limited, the distanceplaysanimportantrole in
theedgeweightcomputationgseeSection5.2). Also, after
thequeryrangeof 50 meterghalf of theervironment) there
is nosigni cant decreasn thetravel time. Thatshaovsthat
aftersomequeryrangeis reachedmoredatano longerbe-
comesanadwantage.

A fasttravel time doesnot guarantee safetravel. We
accepta pathsafeif therobotalwaysstaysin low tempera-
ture (lessthan70 degreesCelsius)areas Figure5(b) shovs
the successgate (robot reacheghe goal while following a
safepath)for a query stratgyy over 20 runs. The success
rate of our query stratgiesincreaseuntil we have a query
rangeof 50 meters(similar to travel time changeafter 50
meters). Surprisinglyif the queryrangefurther increases
the successatestartsto decreaseWe believe this phenom-
enais resultof increaseddata ood to therobotcontroller
As the numberof messageto the controllerincreasesthe
processindime in thecontrollerincreaseaswell. We have
avery fastspreadingre, andasthe numberof messages
increasetherobotwill spendmoretime on the processing
and re will catchup with therobot.

It is clear from Figures5(a) and (b) that sensornet-
works givessigni cant advantageto robot navigation over
traditionalapproachebasedon-boardsensors.Using both
querytechniqueswere saferthan on-boardsensomaviga-
tion. For larger queryrangesusageof the sensometwork
alsoreducedhetravel time. Ontheotherhand thereareno
signi cant performanceenaltiesfor usingborderresponse
insteadof spatiotemporatjuery Next, we investicate the
power consumption. For this purpose,we needa metric
thatapproximateshe power consumptionHence we have
selectedo countthe numberof messagepassedn the net-
work. Figure5(c) shavs the messageountfor eachstrat-
egy. As expectedthenumberof messagearesigni cantly
lessin borderresponsavhenqueryrangeis large.
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Fig. 5. Experimentatesultsfor simulatedsensomnetwork usingdifferentquerystrateies. (a) Travel time of therobot. (b) Successateof

therobotreachingthe goal. (c) Numberof messagesent.

Basedon these gures, we foundout thata queryrange
of half of the environment(in our case50 meters)with
borderresponsestratgy gives bestsafetywhile introduc-
tion minimum sensomnetwork resourceoverhead.

6.3. Experimentswith the Real Robot
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Fig. 6. Testarenafor therealrobot.

We have alsotestedour algorithmin a real robot. We
have evaluatedthe differentquerystratgiesaswell asval-
idatedour navigation stratgy in the simulationresults. In
this experiment,we wantto shav thatit is feasibleto use
areal sensometwork with PRMs. Therobotwe have used
is a Pioneer3 DX by ActiveMedia[23]. Our testarenais
2x3m, robotstartsin (0; 0) andtriesto reach(0; 3). There
isa re in the 1x1 metersquarecenteredat (0:5; 1:5). Fig-
ure 6 shaws our testarena.Our sensometwork in this en-
vironmentis madeup of 7 MICA2 moteswith temperature
sensorsTherobotcontrollerhasalsoonemoteto commu-
nicatewith thesensonetwork. 4 motesaredeplogredonthe
cornersof thesquardn re. Dueto safetyconcernsinstead
of areal re, we have setupthosemotesto broadcashigh
temperatureWe rst testedour robotto nd its pathwith-
out ary helpfrom the sensometwork. As before,therobot
controllerusedthe PRM algorithmto nd a path. Dueto
the factthat we have a small sensometwork, we have im-
plementedh globalspatiotemporajjuerystrateyy. Sincethe
shortesipathis throughthe re region, robotwentthrough
dangerarea(seeFigure?7). Next, we have usedsensomet-
work to supplytemperaturénformationof thearena.Using

theseinformation, robot was able to avoid the re region
andsafelyreachedhegoal(Figure8). Sincewe have alim-
ited numberof motes,we only testedspatiotemporatjuery
stratgyy (all moteswerein the borderof danger).However,
aswe have shavedin theprevioussectionborderresponse
strat@y performsvery similarto spatiotemporaduerystrat-
egy. Sincethe arenais small, we have used25 nodesto
generatehe roadmap. Sincethe passagehrough re was
shorter travel time for that route was slightly fasterthan
travel time for thesafepassagé39 secondss. 52 seconds).

7. CONCLUSION

In this paperwe have presentechow sensometworks may
assistprobabilisticroadmapmethodsin robot navigation.
We have shaved that sensometwork increaseghe perfor
manceof a robot controller We have proposeda border
responseguerystrat@y thatsuccessfullyninimizesthetrade-
off betweerrobot safetyandsensometwork resourcecon-
sumption. Our future work includesexperimentingwith a
larger sensometwork with the realmotesandcoordinating
multiple robotsover the sensometwork. We arealsowork-
ing onissuegelatedo thesensonetworks,suchasnetwork
congestionnoise,andbetterborderdetectionetc.
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