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Abstract

Shipsoftenusethe coastsof continentsfor navigationin
theabsencef bettertoolssut asGPS sincebeingcloseto
land allows sailors to determinewith high accuracy whee
they are. Similarly for mobilerobots,in manyenvironments
globalandaccumatelocalizationis not alwaysfeasible En-
vironmentscan lack features, and dynamicobstaclessud
aspeoplecanconfuseandblodk sensos.

In this paper we demonstate a techniquefor geneat-
ing trajectoriesthat take into accountboth the information
contentof the ervironment,and the densityof the people
in the erwvironment. Thesetrajectoriesreducethe average
positionalcertaintyastherobotmoves,reducingthelikeli-
hoodtherobotwill becomdost at any point. Our method
wassuccessfullymplementedndusedby themobilerobot
Minerva,a museuntourguiderobot,for a 2 weekperiodin
the SmithsoniarNational Museunof AmericanHistory.

1 Intr oduction

Oneessentiatomponenof ary operationamobilerobot
systemis theability for therobotto localizeitself; thatis, to
determineits positionin spaceconsistentlyandaccurately
from sensordata. Dead reckoning using only odometry
datadoesnot solwe this problem; small errorsin odom-
etry build up quickly, eventually causingdramaticerrors
in the robot's belief of its position. Over distancedonger
than a few meters,the robot must use information from
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its ervironmentto track whereit is. Thereare mary suc-

cessfullocalizationmethodsthat candeterminethe robot's

position relative to a map using sonay laserand camera
data[SD98 FBT98 FBTC98 KCK96].

However, mostlocalizationmethoddail undercommon
ervironmentalconditions. Proximity sensorsuchaslaser
orsonarange- ndershave nite rangewhichmeanghatin
sufciently wide-openspacesthey cannotseeanything to
useasareferencepoint. Suchsensorganalsobefooledby
unmodelledor dynamicobstacles;peoplemoving around
therobotarea very goodexampleof unmodelleddynamic
obstaclesCameraganalsofail in regionswhich lack suf-
cientvisualstructure suchasblankwalls or ceilings. Since
theseenvironmentalconditionsare relatively common, a
mobile robot navigating reliably in the real world mustal-
low for the potentialfailure of its localizationmethods.

Our solutionto theseproblemsis inspiredby traditional
navigationof ships.Shipsoftenusethe coastof continents
for navigation in the absenceof bettertools suchas GPS,
sincebeingcloseto thelandallows sailorsto determinawith
high accurag wherethey are. The succes®f this method
resultsfrom coastlines containingenoughinformationin
their structurefor accuratdocalization. By navigating suf-

ciently closeto areaofthemapthathave highinformation
contentthelikelihoodof gettinglost canbe minimized.

Thecoastahavigationtechniqué consistsof thefollow-

ing:

1Theterm“coastalnavigation wassuggestedy ThomasChristallerin
aprivatecommunicatioraboutthework reportechere.



Modelling the information contentof the ernvironment.
The modelaccountshoth for sensodimitations and un-
modelled dynamicobstacles.

Planning trajectoriesthat accountfor the information
contentmodelof the ervironmentand obstacleinforma-
tion in themap,respectindocalizationuncertainty

In the following sections,we rst develop the coastal
navigationmodelof theinformationcontentof theenviron-
ment,startingwith the sensolimitationsandthenaccount-
ing for dynamicobstacles Secondlywe developa method
of combiningtheinformationcontentwith the pathplanner
to generatglansthatreduceheexpectedocalizationerror.
Finally we shav experimentakesults.

The framework that we usefor navigation is a proba-
bilistic one. Figure 1 shavs anoverheadbird's-g/e view)
of anexampleervironment. This mapis a probabilisticoc-
cupang grid [MES85, EIf90]. This mapis the NationalMu-
seumof AmericanHistory (NMAH), andwas learnedby
therobotMinerva aspartof a demonstratiorof robottech-
nology TheNMAH hastwo featuregelevantto developing
coastahavigation: large areaswith minimal environmental
structure anddynamicobstacles.

Figure 1. Ontheleft is anexamplemapof theNationalMuseumof Ameri-

canHistory. Thewhite areagorrespondo openspaceandtheblackareas
arewalls, or occupiedspace.The sizeof thismapis 53mby 67m. Onthe

rightis Minerva, therobotusedin themuseum.

Figurel shovs Minerva, the RWI B-18 baseusedin the
museum.The sensorsisedto generatehis mapweretwo
SICK laserrange nders which provide 360 eld of view
aroundtherobotat45cmheight,with anangularesolution
ofl1 .

The primary resultof this paperis thatwe wereableto
reducethe averagepositionaluncertaintyon a real robot,
in a large, openand extremely dynamicervironment(the
museum).We will shav experimentalresultsfor trajecto-
riesin the museum,ncluding a detailedcaseof a speci c
trajectory The coastalnavigator in factwasin successful
operationin the adwerseconditionsof the museumover a
long-termperiodof two weeks.

2 Previous Work

Developing motion planning algorithmsbasedon po-
sitional uncertaintyis not a new idea. Erdmanndevel-
opedmotion planning strategies with uncertainty[Erd84]

and probabilistic strateies. Nourbakhsh and col-
leaguegNPB95 developedprobabilisticnavigation tech-
nigueson DERVISH, a robot similar in mary respectgdo
Minerva.

Considerablavork in in the eld of partially obserable
Markov decisionprocesse(POMDPS)CKL94, KS96 has
allowedmary mobilerobotsto modelpositionaluncertainty
explicitly. However, one dravback to the use of tradi-
tional POMDPsis that they can becomecomputationally
intractablewith a large numberof states.Markov localiza-
tion, however, hasbeenusedsuccessfullyon multiple robot
platforms[KCK96, FBT9§.

Work hasbeendone on trajectory generationwith re-
spectto positionaluncertainty; Takedaet al. [TFL94] do
not usethe localizationprocessto generatethe positional
uncertaintyacrossspace but generateprobability distribu-
tionsbasenanexplicit modelof thesensarFurthermore,
theervironmentis assumedo be static,sothe effect of dy-
namicobstacle®n localizationis not modelled.

3 Modelling Information Content

The motivation for coastalnavigationis generatingra-
jectoriesfor the mobile robot that reducethe lik elihood of
localizationerror. For example,whena mobile robot fol-
lows a paththrougha wide-openspace suchasoutdoors,
orin avery large or crowdedroom, all referencepointsare
eitheroutsidethe rangeof the sensorsor blocked. There-
fore, thelikelihood of the robot becominglost asit moves
throughthe openor crovdedspacas high. We rst develop
thegenerabrinciplesof thelocalizationmethodandthein-
formationmodelin a statisticalframewvork, beforepresent-
ing theactualimplementatiorof the algorithm.

3.1 Statistical Framework

The position, x, of the robot is given as the location
(x; y) anddirection , de nedoveraspaceX = (X;VY;) .
Our localizationmethodis a grid-basedmplementatiorof
Markov localization[FBT98, KCK96]. This methodrep-
resentsthe robot's belief in its currentpositionusinga 3-
dimensionalgrid over X = (X;Y; ) , which allows for
a discreteapproximationof arbitrary probability distribu-
tions. The probabilitythatthe robothasa particularposex
is givenby the probability p(x).

Mark ov Localization

Let the robot's position be given by the initial probability
distribution, Py, de ned over X = (X;Y;) . Therobot
acquiresasensomeasuremert, for exampleasetof range
datafrom alasersensorThelocalizationprocesdakesPyx
andthe sensodata,s, andreturnsthe posteriorprobability
distribution Py js = p(x] s), again de ned overthe spaceof
posesof therobot,(X;Y; ) .



Theprobabilityp(xj s) is givenby Bayes'Rule:

- o P(six)p(x)
p(xjs)= W

wherep(x) is the positiondistribution, andp(sj x) is com-
putedfrom the sensomodelandtherobot's mapof theen-
vironment.

Thetermp(s) is thelikelihoodof observingsensorata
s, andis computedrom the prior positiondistribution, the
sensomodelandthe environmentalmap.
Z

p(s) =

X

(1)

p(si x)p(x)dx @)

Entr opy Computation

The entrogy, H (Px ), of a probability function, Py , pro-
videsa goodmeasuref the certaintywith which therobot
is localized. The entropy of a probability distribution, Py ,
is computedover the spaceof all possibleposesX;Y; )
andis de ned as:

z

p(x) log(p(x)) dx

X

H(Px) = ©)

This measurecan be consideredas the “purity” of the
probabilitydistribution. If thedistribution is highly focused
atasinglepose(x = x;y; ), thentheentropy will below.
If thedistribution is spreadover a wide spacethentheen-
tropy will behigh. Theeffectthata particularsetof sensing
datahason the robot's belief in its position cantherefore
be measuredn this way. Combiningequationg1) and(3)
givestheentropy of the posteriordistribution aftersensing:

Z

H(Pxjs) = p(xj s) log(p(xj s)) dx
4
_ p(sj x)p(x) p(sj x)p(x)
- O R

Equation(4) givesthe entropy of the posteriordistribu-
tion, given a particularset of sensormeasurementsRe-
call that p(x) is the prior position distribution, p(sj x) is
the probability of the sensormeasurementonditionedon
theposition,computedrom the sensomodelandthe ervi-
ronmentalmap. p(s) is the prior distribution of the sensor
measuremengivenby equation(2).

A particularlocationin the ervironmentcanresult,with
differentprobability in differentsensomeasurementd.he
entroyy is thereforeaveragedrom all possiblesensomea-
surementss, whereeachtermis weightedby thelikelihood
of the sensomeasurementEquation(5) computeghe ex-
pectedvalue of the entropy over all posteriordistributions

P.
Z Z
E(H (Pxjs)) = p(s)  p(xjs)log(p(xjs))dxds
7 ZS X
_ p(sj X)p(x) p(sj X)p(x)
= p(s) o) I oS dxds
27 (51 )P(x)
= . p(sj x)p(x) log P X)PX) Jp(sg) dxds (5)

E (H (Pxjs)) is the expectedvalue of the entroyy after
ring the sensorscomputedover all possiblesensomea-
surementsgiventheinitial positiondistribution Py .

For a particularposedistribution, we can computethe
information content,| , of the robot's currentposition by
computingthe differencebetweenthe expectedentropy of
the positional probability conditionedon the sensormea-
surementf (H (Px js)) andtheentrogy of theprior position
distribution,H (Px ):

I'= E(H(Pxjs)) (6)

Note that equation(7) inverts the intuitive senseof in-
formationcontent;the higherthe quantity| , the lower the
informationcontent.

Recallthatthegoalof measuringheinformationcontent
of theervironment,is to beableto construcia mapof areas
of theervironmentthathave low andhighinformation. The
algorithmfor constructinghis mapis the following proce-
dure:

H(Px)

1. For eachposition x and initial probability distribution
Px , generatall possiblesensomeasurements,andthe
probability of theseestimatesp(s) asin equation(2).

2. For eachsensomeasuremerd, computethe entropy of

theposteriomprobabilitydistribution givenby Markov lo-
calizationasin equation(4)

3. Computethe expectedvalue of the entroy asin equa-

tion (5), andtake the differencefrom the initial entroyy,
asin equation(6).

In the above analysis,we have ignoredthe issueof the
prior probability distribution of the robot's position. The
entrofy computationis heavily dependenbn the robot's
prior belief in its position, p(x). Modeling robot naviga-
tion asa partially obserable Markov decisionprocesspor
POMDR would be one methodfor handlingthis depen-
dengy [CKL94]. However, the POMDP requiresexamin-
ing all possibleprior probabilitybeliefsandalsoall possible
pathdeadingupto theprior probabilitybelief. This process
providesextremelyaccuratecharacterizatioof uncertainty
However, for planning,the computationis intractable,as
it is exponentialin the size of the ervironment. We have
thereforemadesomesimplifying assumptiong theimple-
mentationof the algorithmwhich dramaticallyreducethe
compleity. Onesuchsimpli cation allows usto ignorethe
problemof the prior positionaldistribution.



3.2 Implementation

The rst simpli cation we make immediatelyis to use
a trackingassumption.The robot tracksits positionusing
internal odometry which allows us to assumea Gaussian
prior probability distribution centeredat the assumedoca-
tion of therobot, (x; y; ), andlimited to a smallregion of
the erwvironment. The Gaussiamatureof thedistribution is
aresultof the kinds of error that accumulatausingodom-
etry. It is this simpli cation that makesour POMDP-style
approachractable.

We alsodo not simulateevery possiblesensomeasure-
ments, but insteadsamplethe sensorspace choosingonly
the mostlikely sensordatasetsfor a particular position.
Furthermorewe do notin facthave a continuousdistribu-
tion for the positionof the robot, but a discretegrid. This
reducegheintegrationinto a summatiorin equation(5).

Finally, we canusethe factthatour particularrobothas
360 eld of view, to eliminatethe dependencen . It is
importantto notethatin generaljf therobotdoesnot have
rotationally-irvariantperceptionstnen cannotbeignored,;
indeed,coastalnavigationis not very helpful if the sailors
only everlook outto sea.

The above simpli cations changethe information con-
tentinto thefollowing equation:

p(sj X)p(x)

ORI

p(sj x)p(x) log
S X

L(x;y) =

Figure2 shavs anexamplemapof theinformationcon-
tent of the samemuseum. The darker an areais, the less
informationit contains. Notice thatthe darkestareais the
centerof the large openspacein the middle, andthat the
lightestareaswith thelowestentropy arecloseto thewalls.

Figure 2: An examplemapof the entroy, or informationcontent,of the
National Museumof AmericanHistory. The darker an areais, the less
informationcontenit contains.Theblackestareaof themaparethewalls.

4 Dynamic Environments

Entropy asdescribedabove is usefulfor determiningthe
informationcontentof aparticularpointin theenvironment,
however the modelassumes staticervironment. In a dy-
namic ervironment, the datagatheredby the sensorscan
be corruptedfor exampleby peopleblockingthe proximity
sensors We thereforemustalsoaccountfor thelikelihood
thatinformationcanbe corrupted.

In the exampleof thelaserrangesensorsthe probability
thata given laserrangemeasuremenuill be corruptedby
a personis modelledasa geometricdistribution alongthe
lengthof the beam;the longerthe beam,the morelikely it
will becorrupted.

l:)corrupt (S) =1 ksk (8)

s:0 ksk M axRangeistheparticularrangemeasure-
ment,ksk isits lengthand : 0 1 is the probability
thatary particularpointin the environmentis occupiedby
a dynamicobstacle:for the caseof museumthisis simply
the estimatechumberof peoplein the museumdivided by
theareaof thefree spaceof themuseum.

In orderto alterthe informationcontentcomputatiornto
accountfor this corruptionmodel,we needto alter the ef-
fect thatindividual sensormeasurementsave on the total
information content. We malke a simplifying assumption
thateachcomponenbf the sensomeasuremend; (X; y) :

lows usto computethe expectedvalueof | (x; y) by aver
aging over the information content,l; (x; y) of eachcom-
ponentof the measurementWe male this independence
assumptiorior the sake of computationaspeed

Equation(7) givesthe informationbasedon datasets.
For atypicallaserangescans contains360measurements.
We now considerthe dataasn individual successie mea-
surementss; :::sp. Theinformationcontentl (x;y) can
be computedor eachs; alone,giving 11(X; y) :::1h(X;Y),
computedasin equation(7). Then measurementare av-
eragedweightingeachmeasuremerity the probabilitythat
themeasuremenwascorrupted.

><1 cor r upt
LoGy) = (Liegy) P ™™ (% y)) 9)

i=1

I (x; y) is theinformation contentat (x; y) asin equa-
tion (7), basedonly on the i-th sensoreading. The prob-
ability p ""*" (x; y) is the probability that the i-th sensor
readingis corrupted,computedrrom the distribution given
in equation(8).

2In reality, the rangeto an obstacleat direction ; is highly correlated
with therange i +1 in mostervironments.However, we canmale reason-
ableconclusionsabouttheinformationcontentof eachpositionin themap
neverthelessandthis methodhasthe advantageof beingcomputationally
fast.



5 Path planning

Having computedthe information content,or entropy,
for eachpositionin the map, the path plannermust use
the secondarynapto generatdrajectorieswith greaterpo-
sitional certainty Traditionalpathplannerschooseatrajec-
tory by optimizing somecriterion suchas minimizing dis-
tance time, or power consumptionpr maximizingdistance
to obstaclegfor safety). Thequantityminimizedin thecon-
ventionalplanneris the following sum[Thr98], alongthe
pathgivenby thelist of cells(x;;y;) from startto goal:

X
Costrota =
XY

c(Xi; Vi) (10)

The costc(x;;y;i) is the costof crossingcell (x;;Vi),
which increaseswith the probability that the cell is occu-
pied, from someminimum costassociatedavith travel. The
minimum Costy oy IS found by dynamic programming
(alsoknown asViterbi or Dijkstramethod)[How6(Q].

An exampletrajectoryis shavn in gure 3(a). Thetra-
jectoryof therobotis theline throughthelarge openspace,
wherethe startpositionis the left end of the line, andthe
goal is the right end. Peopleare not depictedin this im-
age,but typically, visitorsto the museunwould occupy the
spaceon eitherside of the robot, effectively blinding it on
its two sides reducingsubstantialljthe main sourcesf lo-
calizationinformation.

The coastalplanner however, minimizesa sum of the
conventionalcostandtheinformationcontent:

X
Costrota =
XY

1C(Xizyi) + 2l (Xis i) (11)

Theexponents ; and , areweights,andwerechosen
experimentally

(a) Corventionalpath (b) Coastabpath

Figure 3: Exampletrajectoriesusingthe corventionaland coastalplan-
ners,in the NationalMuseumof AmericanHistory, for the samestartand
goal positions.Note the motion of therobotalongthe wall for the coastal
planner

Figure 3(b) shavs a coastalplan for the samestartand
goal as gure 3(a), where the robot doesnot travel di-
rectly throughthe openspace put insteadmovesalongthe
wall, increasingravel distanceput preservingheability to

gathersensodatadown its right side(travelling left to right
again).

It shouldbe emphasizedhatthe computationof the in-
formationmapsis a one-timeoperationfor ary particular
ervironment.Theinformationcontentis computedff-line,
andusedby the pathplannerto constructasinglestaticcost
function c(x;;y;). This costfunction is usedby the dy-
namicprogrammingsearchatypical pathfor the Museum
of AmericanHistory took under100msto compute.

6 Experimental Results

Over the courseof two weeks,our robot Minerva gave
tours of exhibits in the National Museum of American
History, shavn in gure 1, using the coastalplannerto
generaterajectoriesbetweenexhibits. The total distance
by the robot covered was 44km, at an averagespeedof
38.8cm/sec jnteractingwith 50,000peopleduringthe two
weeks. The main motivationsfor developing the coastal
navigationtechniquewnerethelarge openspacean the main
operationakreafor Minerva andthe mary peoplegathered
aroundtherobotatary giventime.

Thesensorlndlocalizationdatawasrecordedduringthe
operationof Minerva, andsomestatisticswere gatheredo
comparethe performancef the coastalplannerto the con-
ventionalplanner The conventionalplannerwasalsoused
for partof Minerva's operation,in orderto allow compari-
sonof thetwo navigationmethods Themostusefulstatistic
is the averageentropy of the probability distribution of the
robot's pose asit travelledalongthetrajectories.

(a) Corventionaltrajectory (b) Coastatrajectory

Figure 4: Thecoastalndcornventionalpaths for the samestartandgoal.

In thebestcasetherobotfollowedtrajectorieghathada

measurablyower averageentropy, whichindicateshe suc-
cessof the coastalnavigation. Using a laserrange nder
with a 3m max range,the coastalplannerhad an average
entrofy of 3.3 .1, andthe corventionalplannerhad an
averageentrofy of 4.4  2.5. Thetrajectoriesaregivenin
gure 4. Thesamestartandgoalweregivento therobot,us-
ing rst the corventionalandthenthe coastalplanner The
robottravelled betweenthe startandgoal position4 times,
to generatdrajectoriesof length87.0m(corventional)and
109.8m(coastal).

Figure5 shavstheperformancef thecoastahavigation
underdifferentsensombilities, in a staticervironment. As



the sensorrangeincrease$o 50m, the sensolis ableto use
its entire eld of view for localizationat mostpointsin the
museum so the conventional plannergeneratepathsthat
areequallyin localizationability asthecoastaplanner The
useof the sensorf different scalesillustratesthat there
aredifferentervironmentalconditionsunderwhich coastal
navigationis moreor lessuseful.

Average Entropy along Trajectories
8 T T

T
Coastal Planner-----

{ Conventional Planner
7k

Average Entropy

o > s . s 10

Maximum Range of the Laser Sensor in Meters
Figure5: Thisgraphshavs theaverageentropy overtrajectorieof 87.0m
and109.8min the NationalMuseumof AmericanHistory.

7 Conclusion

In this paper we have presenteé methodof generating
trajectoriesthrough ervironmentswhere positionaluncer
tainty is likely to accrue. Localizationmethodscan often
fail in environmentghatlack mary referencepoints,for ex-
amplewide-openspacesith walls outsidetherangeof the
sensorsLocalizationcanalsofail wherethesensorsreob-
structedby dynamicobstaclessuchaspeople.Thesolution
is to generatdrajectorieghatminimizethe probability that
the robot will fall victim to theseproblems,and become
lost. The methoddraws on ship-basechavigation, where
shipslacking reliable global position estimationstay close
to known landmarksalongshores.

Thealgorithmoperate$n two parts.The rst partgener
atesa mapof theervironmentthatcontainsgheinformation
contentof eachpositionin the environment. This repre-
sentationincludesthe likelihood of the sensordatato be
corruptedby dynamicobstacles.Using this map, the path
plannergeneratedrajectoriesthat optimize over both dis-
tanceandchangen positionalcertainty This pathplanner
was usedfor navigating in a highly dynamicenvironment
with large openspacesn the NationalMuseumof Ameri-
canHistory successfullffor 2 weeks.

This particular solution is a specialcaseof a general
classof POMDP problems. However, POMDP problems
arecomputationallyintractablefor systemswith largenum-
bersof states We reducethe compleity by makinganum-
ber of assumptionsuchasthe ability of the robotto track
its position,andthekind of thepositionalerrorthataccrues.

Oneavenuefor future researcHies with the path plan-
ner. The dynamicprogrammingtechniquecurrently used
for nding theminimum-costrajectorieddemands mono-
tonic integrationof the entropy. Therefore thereis no way
to modelactionsthatreduceuncertainty Anotherdirection
for future work lies in determiningthe plannerparameters

appropriately Theweights ; and , weresetempirically
as were the parameterf the geometricdistribution de-
scribingthe crovdednes®f the ervironment. It would be
usefulto have theplannerchoosdifferentparameterbased
onthepercevedcrovdednessf theervironment following
more coastaltrajectoriesin highly crowded ervironments,
andmoredirecttrajectoriesn mostly-staticervironments.
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