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RoboticsLab,CarlosIIIUniversityof Madrid,Spain

Abstract

Pathplanningisanessentialtoolfortherobotsthatexplorethesurfaceof
Marsorothercelestialbodiessuchasdwarfplanets,asteroids,or moons.
Thesevehiclesrequireexpertandintelligentsystemstoadoptthe
bestdecisionsinordertosurviveinahostileenvironment.Theplan-
ningmodulehastotakeintoaccountmultiplefactorssuchastheobstacles,
theslopeoftheterrain,thesurfaceroughness,thetypeofground(presence
ofsand),ortheinformationuncertainty.Thispaperpresentsapathplanning
systemforroversbasedonanimprovedversionoftheFast Marching(FM)
method.Scalarandvectorialpropertiesareconsideredwhencomputingthe
potentialfieldwhichisthebasisoftheproposedtechnique. Eachposition
inthe mapoftheenvironmenthasacostvalue(potential)thatisusedto
includedifferenttypesofvariables.Thescalarpropertiescanbeintroduced
inacomponentofthecostfunctionthatcanrepresentcharacteristicssuchas
difficulty,slowness,viscosity,refractionindex,orincertitude.Thecostvalue
canbecomputedindifferentwaysdependingontheinformationextracted
fromthesurfaceandthesensordataoftherover.Inthispaper,thesur-
faceroughness,theslopeoftheterrain,andthechangesinheighthavebeen
chosenaccordingtotheavailableinformation. Whentherobotisnavigating
sandyterrainwithacertainslope,thereisalandslidethathastobecon-
sideredandcorrectedinthepathcalculation. Thislandslideissimilartoa
lateralcurrentorvectorfieldinthedirectionofthenegativegradientofthe
surface. Ourtechniqueisabletocompensatethisvectorfieldbyintroducing
theinfluenceofthisvariableinthecostfunction. Becauseofthis modifica-
tion,thenewmethodhasbeencalledFast Marching(subjectedtoa)Vector
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Field(FMVF).Differentexperimentshavebeencarriedoutinsimulatedand
realmapstotestthemethodperformance.Theproposedapproachhasbeen
validatedformultiplecombinationsofthecostfunctionparameters.

Keywords: PathPlanning,Fast Marching,PlanetaryExploration, Mars
rovers
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Point-to-Point Responses

Reviewer1

Thispaperhasintroducedaninterestingalgorithmfor Marsrovers.The
mainmethodisbasedonfastmarchingmethodwiththeimprovementbeing
undertakento makethenewalgorithmabletodeal withtheconstraints5

representedbybothscalarandvectorfields. Consideredoptimisationcosts
includethesurfaceroughness,theslopeoftheterrain,thechangesinheight
andthelandslide,allof whicharepracticalconstraints whilenavigating
on Mars. Anumberofsimulationshavebeencarriedouttovalidatethe
algorithminbothsimulatedandpracticalenvironments,andtheresultscan10

welldemonstratetheeffectivenessoftheproposedwork. Overall,thepaper
hasbeen written withaclearandgoodstructure. However,apartfrom
sometechnicalquestions,IwouldexpecttheauthorstoimprovetheEnglish
expressionsothatthepaperhasabetterreadability.In manyplaces,there
isalackofflowbetweenparagraphs.15

Thankyouforyourvaluablereview. Wehave modifiedourpa-
peraccordingtoyoursuggestionsandcomments. Wehavetriedto
improvetheEnglishexpressionandtheflowbetweenparagraphs.

Technicalquestions:

1. Page3,Line43:Theauthormentionsthatthenewmethodconsistsof20

severalsteps,whichhasnotbeenclearlystatedintheparagraph.Can
theauthorspecifythisplease?

Thefollowingparagraphhasbeenincluded:“First,a mapof
theenvironmentiscreatedusingtheavailableinformation.
Afterthat,thecostorpotentialofeachlocationhastobe25

computed. Finally,theoptimalpathiscalculatedapplying
theFMVF method”.

2. Page4,Line53: Howdoyoucombinerobot’s motioncapabilitywith
thescalarcost?Pleasespecify.

Thissentenceisrelatedtohowthealgorithmdealswithchar-30

acteristicssuchastheslopeoftheterrainorthesurfacerough-
ness. Thefollowingexplanationhasbeenadded:“Thesepa-
rameterscanconsidertherobot’slimitations(characteristics
andenvironmentconditions)togenerateacostvalueforeach
cellofthe map. As willbedescribedinSection4,theslope35
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ortheroughnesscanbesaturatedtoreducethespeedtothe
minimum whennavigatinghazardousareas. Besides,theFM
methodreturnssmoothpaths, whichishelpful whenapplied
tononholonomicvehicles”.

3. Page5,Line119: Pleasecantheauthorclarifywhatkindof meth-40

ods/approachesareusedtosolvethelocalminimaproblems.

Thefollowingsentenceshasbeenincluded:“Forexample, Ge
and Cui(Ge & Cui,2000)takeintoaccountthedistanceto
thegoaltoimplementapotentialfieldwhichensuresthatthe
goalpositionisreached”.InFM,“local minimaareavoided45

becausethealgorithmreliesona waveexpansionthatcan
coverthe whole map”.

4. Page5,Line124:Itseemsliketheauthorswouldliketoreviewthe
state-of-the-artresearchesinapplyingpathplanningalgorithmsfor
planetexploration. However,thereislimitedinformationavailablein50

thisparagraphwithoutclearlyexplainingwhatkindofapproacheshave
beenused,howtheseapproachesdifferfromeachother,whatthestate-
of-the-artisandhowtheauthorsproposetheresearchquestionfrom
thesework.Infact,intermsofSection2,a moredetailedreviewis
expectedtoletthereaderunderstandthecuttingedgeresearchaswell55

asthecurrentresearchgap.

Thankyouforyourvaluablesuggestion. Theinitialdescrip-
tion wastoogeneral. The wholesectionhasbeenchanged.
Thestate-of-the-artresearchesinapplyingpathplanningal-
gorithmsfor planetexplorationis nowexplainedin detail.60

Anadditionalsubsection(Section2.1: Planet Exploration)
hasbeenincludedtobe morespecific.
Morechangeshavebeen madeinthesamesectionaccording
tothecommentsofthesecondreviewer.

5. Page13: FromLine270toLine295,theliteratureaboutrunning65

theFM methodconsideringtheanisotropyeffecthasbeenreviewed.
However,isitbettertowritethisinSection2(State-of-the-art)?

Yes,itis.Itis moreadequatetoincludetheliteratureabout
theanisotropyeffectinthestate-of-the-art. Thisreviewhas
been movedtoSection2.70

6. Page14,Equation10:Thisequationisunclear. Whatkindofoperation
dotheauthorswanttoapply?
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Equation10(Equation9inthecurrentversion)represents
thestandarddotproduct. Anexplanationhasbeenincluded.
Thesamenotationusedin(Petresetal.,2007)isfollowed.75

7. Page15,Figure6. TheFMVF methodproposedinthispaperisto
dealwiththevectorconstraintswhenrunningtheFM method.Since
theanisotropicfast marching(AFM) methodcanalsoachievethis,is
itpossiblefortheauthorstogiveacomparisonbetweentheAFMand
theFMVF?80

Thefollowingexplanationhasbeenadded:“Inthe AFMap-
proach,thevectorfieldcomponentisnormalizedand,after
that,itisaddedtothescalartermofthecostvalue. The
totalcostvalueisnormalizedintheFMVF method, whichis
believedtobeabetteroption when modelingtheinfluence85

ofphenomenathatcanbefoundin Mars”. Thedifference
betweenboth methodscanbeappreciatedintheexperiment
ofFigure11:“Differentpathsareobtaineddependingonthe
weightgiventothevectorfield. Thisoptionisnotpossible
whenusingthe AFM methodbecausethevectorfieldcom-90

ponentisnormalized. Thepath willnotdependonthe mag-
nitudeofthevectorfield”. Therefore, webelievethatour
methodis moreadequatetorepresentphenomenathatcan
occuronaplanet.

8. Page16,Section4.2.1: Personally,Idonotthinkitisnecessaryto95

introducethisasanindividualsectionifthesolarenergyhasnotbeen
validatedinthesimulations.

Thissectionhasbeendeletedaccordingtothissuggestion.It
isproposedasafuture work(conclusions).

9. Page19,Line412: Canyoupleasespecifythedirectionofthevector100

fieldinFigure9? Oritwouldbebetteriftheauthorcanplottwodif-
ferentvectorfieldsasadditionfigures.Itwouldimprovethereadability
ofthispaper.

The directionofthevector field has beenspecifiedinthe
figure. Thetotalvectorfield withaconstantvectorfieldthat105

ispointingdown/upisintheupper/bottompartof Figure
9. Sincethescalarcomponentisthesameinbothcases,the
timesofarrival whenFvect,ij=0areaddedtoFigure8(right).
Inthis way,thetwodifferentpotentialfieldsareplotted.
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10. Page20,Line428: Also,showthevectorfieldorpointitoutinthe110

figureplease.

The directionofthevector field has beenspecifiedinthe
figure.
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Reviewer2

Themanuscriptisaveryinterestingandwellwrittenpaper.Thethoughts115

arepresentedinaconciseandclearwayandthat makesthispapereasyto
readandpleasantinreception.

Thankyouforyourvaluablereview. We have modifiedour
paperaccordingtoyoursuggestionsandcomments.

Theauthorshippageisincomplete.120

Fullnamesandcountryhavebeenincluded.

ItappearsthatyourpapersubmissionESWAD1604073hasahighdegree
ofsimilaritytoapublishedpaperin2015availableat

http://link.springer.com/book/10.1007%2F978-3-319-27146-0
Section3isacopyandpastefromtheabovepaper.Theauthors MUST125

minimizeanysimilarityissues.

Thelinkcorrespondstoaconferencepaperwhereweintroduced
thefirstideasandresults. Theinitialversion wassenttoacon-
ferenceand,afterfeedbackanddevelopmentandvalidationofthe
final method,thecurrentpaper wasprepared. Wehavesimpli-130

fiedSection3as muchaspossibleinordertoreducesimilarities.
However,webelievethattheexplanationabouttheFM methodis
stillnecessary.It makesiteasierforthereadertounderstandour
technique.

Therearesomeminorremarks:135

1.Insection2-StateoftheArt-itisadvisedtopointouttheadvantages
andlimitationsoftheexistingpathplanningmethodsandpresentthe
mentionedpathplanning methodsinalistortabletoincreasethe
transparencyofthispartofthetext.

Thissectionhasbeenreviewedand modified. Table1has140

beenaddedaccordingtothissuggestion.

2.Insection2-StateoftheArt-inthelastparagraph,especiallythelast
sentencebeginningwith: Otheroptionsare?someexistingsolutions
concerning Marsroversare mentioned,butit wouldbevaluableto
extendthispartbydescribingeachofthe mentionedapproachesin145

1-2sentences,emphasizingwhatwasdoneandwhatisstillneededto
bedone(whatproblem,issuestheauthorsdecidedtosolveintheir
researchwithregardtootherworksinthefield).
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Thankyouforyourvaluablesuggestion. Theinitialdescrip-
tion wastoogeneral. The wholesectionhasbeenchanged.150

Thestate-of-the-artresearchesinapplyingpathplanningal-
gorithmsfor planetexplorationis nowexplainedin detail.
Anadditionalsubsection(Section2.1: Planet Exploration)
hasbeenincludedtobe morespecific.

3.Itisadvisedtolinkthetopicofthepaperandtheauthor’scontribution155

tothedevelopmentofexpertandintelligentsystems.

Sentencestolinkthetopictothedevelopmentofexpertand
intelligentsystemshavebeenincludedin Abstract,Introduc-
tion,and Conclusions. Forexample:“Thesevehiclesrequire
expertandintelligentsystemstoadoptthebestdecisionsin160

ordertosurviveinahostileenvironment”.

4.Itisrecommendedtoemphasizetheuniquecontributionofthepaper
intheConclusionssectionwithregardtootherworkspresentedinthe
literature.

Thefollowingsentencehasbeenadded: “Tothebestofour165

knowledge,itisthefirsttimethatavectorfieldisapplied
whendesigningaplanning methodforplanetexploration”.
Itisalsosaidthat“oneofthe maincontributionsisthede-
velopmentofaplanning methodthattakesintoaccountvari-
ablesthatcanbe modeledbyavectorfield”.Inaddition,the170

readercancheckthispointbyreadingSection2.1inthenew
version.

5.Itisalsoadvisedtopointoutseveralfutureresearchdirections.
Thenextsentencehasbeenincluded:“Aninterestingworkto
beaccomplishedinthefutureistotestdifferentparameters175

inthecostfunction. Forexample,thesolarenergycould
beincludedinthescalarcomponent. Theenergyabsorption
(parametertobeoptimized)dependsontheanglebetween
thenormaltothesolarpanelsandthevectorfromtherover
tothesun. Moredirectsunlightreachesthepanelforsmaller180

angles”.

6.Itisrecommendedtorewritethephraseonpage4and28: Thepath
planningmethodshasbeentestedinsimulatedandrealenvironments.,
becauseitmightsuggestthatexperimentalstudiesinrealenvironment
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withtheuseofrealrobotshavebeencarriedout,andnotthesimulation185

testswithreal-lifeinputdata.

Wedidnotrealizeit. Bothsentenceshavebeencorrected.

7. Onpage28intheConclusionssectionintheparagraphbeginningwith:
Thealgorithm...itisrecommendedtouseaphraseon Marsinstead
ofin Mars.190

Thiserrorhasbeencorrected.
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1.Introduction

Thestudyofrobotmotioninroversusedforexplorationin Marsoraster-
oids(Ceres,Vesta)hasspecialdifficultiesbecauseitisnecessarytotakeinto
account multiplevariablessuchastheobstacles,thechangesinheight,the195

slopeoftheterrain,thesurfaceroughness,theuncertaintyofthe measure-
ments,thecompositionoftheground(proportionofsand),possiblesmall
landslidesduetothesand,andeventheinsolationlevelateachpointof
thepathinordertoincreasethedurationofthebatteries. Someofthese
characteristics(slope,roughness,height)presentscalarvalues,butothers200

(landslidesduetothesand)havetoberepresentedbyvectorialparameters.
Thepathplanningproblemforamobilerobotoperatinginenvironments

withunknownobstacles(dynamicornot)consistsofcomputingacollision-
freetrajectoryfromaninitialpointtoagoallocation.Theplanningmodule
hastooptimizeitsperformancedependingontheobjectivesofthevehicle.205

Differentparameterscanbeusedtocheckthebehaviorofthesystem. For
example,thesmoothnessofthepath,thesystemsafety,andthegradientor
slopeareimportantwhennavigatingoutdoors.

Inthispaper,wehaveexaminedhowtoimplementapathplannerfora
roverthatisexploringMars.Thesevehiclesneedexpertandintelligent210

systemsto makethebestchoicesinordertosurviveonahostile
planet.Themethodhastoconsidertheavailableinformationandthefactors
thatinfluencenavigationtocomputethemostadequatepaths.

The Marsheight map2 (Figure1)obtainedbythe Mars OrbiterLaser
Altimeter(MOLA),aninstrumentaboardNASA’s Mars GlobalSurveyor,215

isthesourceofinformationthatisusedtocomputetherobot’spath. The
bestpathswillbecalculatedoverzonesofthis mapdependingondifferent
variables.

Differentfactorshavetobeconsideredaccordingtothetypeofenviron-
mentwherethe methodwillbeapplied.Inourapproach,thesefactorsare220

classifiedintoscalarandvectorialvariables.Inordertointroducethesechar-
acteristicsinthepathplanningmodule,atechniquethatoptimizesascalar
costfunctionsubjectedtoanexternalvectorfieldisproposed. Duetoour
previousexperience(Garridoetal.,2008,2009,Valero-Ǵomezetal.,2013),
wehavechosentheFast Marching(FM)method(Sethian,1996)asthebasis225

ofthepathplanner. A modifiedversioncalledFast Marching(subjectedto

2http://mola.gsfc.nasa.gov/topography.html
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Figure 1: Mars height map. Size: 46080 x 23040 pixels: Scale: 1 : 25,0000,000. Projection:
-180E to 180E, 90N to -90N.

a) Vector Field (FMVF) has been implemented in this work to deal with
factors that can be represented by scalar parameters and an external vector
field.
This paper investigates how to apply the FMFV algorithm in different230

situations to obtain optimalpaths for Mars rovers, but it is possible to
extrapolatethe same techniquetoother vehicles used for space exploration
onplanets and asteroids.
This new method consists of several steps. First, a map of the en-

vironment is created using the available information. After that,235

the cost or potential of each location has to be computed. Finally,
the optimal path is calculated applying the FMVF method. These
steps are introduced below.
Theinput datais the point cloud of the surface. This cloud can proceed

from the rover laser sensor, from aknownmap, or from a mixture of both240

sources of information. The Mars height map is used here, but the algorithm
is not limited tothis option. The initial map is discretized in an orthogonal
grid.As will be explained in Section 3, the planning algorithm can be
applied to the initial map or to a three-dimensional triangular mesh that
represents more accurately the planet’ssurface.245

Although any scalar property could be taken into account, the change
with respect to the initial height, the slope of the terrain, and the surface
roughness are extracted in this work to build the scalar component of the
cost value. These parameters can consider the robot’slimitations(charac-
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teristicsandenvironmentconditions)togenerateacostvalueforeach250

cellofthe map.As willbedescribedinSection4,theslopeorthe
roughnesscanbesaturatedtoreducethespeedtothe minimum
whennavigatinghazardousareas. Besides,theFM methodreturns
smoothpaths, whichishelpful whenappliedtononholonomicve-
hicles.Thiscostvaluecanbeviewedasadifficultyorviscositymapwhich255

issituatedontheplanet’ssurface. Oncethecostvalueiscomputedforthe
wholegrid,themethodisreadytoapplytheFMalgorithmoverthesurface
togeneratethepath.Inotherwords,theinitial mapis modifiedandapo-
tentialisgiventoeachcell. Thepotentialfieldrepresentstheinfluenceof
thescalarproperties.260

Withoutusingthenewpotentials,theshortestpathbetweentwopoints
wouldbeobtained(i.e.,thegeodesicdistance). Whenthepotentialwiththe
scalarpropertiesisincluded,thepathconsidersthefeaturesofthesurface
andthelimitationsoftherobot. Moreover,itgivesusinformationaboutthe
speedoftherobotbasedontheFMwavepropagationspeed(Garridoetal.,265

2009).
Oneofthecrucialproblemsofthe Marsroverswhennavigatingiscaused

bythepresenceofsandontheground. Thissandcanproducetwodiffer-
entphenomena. First,sandbanksinwhichitisbetternottoentercould
beformedinspecificzones.Inthiscase,theseareascouldbeclassifiedas270

dangerousterrainusingascalarparameter.Thisvariablecouldbeincluded
inthepreviouslyexplainedscalarcomponentofthecostfunction.Second,
smalllandslidescanchangethepositionanddirectionofthepreviouslycal-
culatedtrajectory. Thecurrentapproach modelstheselateralcurrentsby
usinganexternalvectorfieldthatisalsoincludedinthecostoftheplanning275

module. Thisideareliesonthesolutionpublishedin(Petresetal.,2007).
Inthisway,theplanning methodisbasedonacostfunctionthatcombines
scalarandvectorialproperties.

Thepathplanning methodhasbeentestedusingsimulatedandreal
inputdata. Theobjectiveistodemonstratethattheproposedstrategyis280

asuitabletechniqueandittakesintoaccountthe mosttypicalfactorsthat
couldinfluencenavigationonthesurfaceof Mars.Sincedifferentparameters
canbeintroducedinthecostfunction,theexperiments willvalidateour
methodunderdifferentcircumstancesthatresultindifferentcostfunctions.
Smoothandsafepathsareobtainedinallcases.285

Thispaperisorganizedasfollows. Thestateoftheartisreviewedin
Section2. Section3detailstheimplementationoftheFM method. After
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that,theFMVFalgorithmisexplainedinSection4.Theexperimentalresults
arepresentedinSection5and,finally,the mostimportantconclusionsare
summarizedinSection6.290

2. Stateofthe Art

Pathplanningisoneofthe mostwidelystudiedproblemsinrobotics.
Itconsistsoffindingapathfromaninitialpointtoagoallocation. The
mosttypicalalgorithmsarereviewedinthissection. Thereare multiple
methodsthathavebeensuccessfullyappliedandclassificationsdepending295

ontheobjectivesfollowedbytheplanner. Forexample,aclassicapproach
classifiesthealgorithmsaccordingtothecompleteness, which meansthat
theplanning methodwouldfindapathifitexisted. Theincreaseofthe
computingpowermakesitpossibletoconsidermanydifferentchallenging
goalssuchastheoptimizationofthepathlengthorthesafety.300

AninterestingdivisionisproposedbyLavalle(LaValle,2011). Two
groupsofalgorithmsaredefineddependingonhowtheinformationispro-
cessed. Thefirstgroupisnamed“combinatorialplanning”.Inthese meth-
ods,alltheinformationthatisneededbytheplanningalgorithmisusedto
constructastructure(Bergetal.,2000,LaValle,2006). Thepathiscom-305

putedaccordingtothestructure.Someexamplesarevisibilitygraphs,
Voronoidiagrams,andcelldecomposition. Thesecondoptionisto
applyasampling-basedapproachtoincrementallycomputethesolutionin
thesearchspaceutilizingacollision-detectionsystem(LaValle,2006).This
groupoftechniquesis moreadequatefor High-Dimensional(HD)310

spacesbecauseitisnotnecessarytocomputethe wholespaceand
theexecutiontimeislessaffectedbythenumberofdimensions.

Manydifferenttechniquescanbecited. Inthe Probabilistic Road
Maps(PRM)(Kavrakietal., 1996), aset ofrandomsamples
(checkingifthey belongtothefreespace)formstheroadmap315

wherethepathisestimated.TheRapidlyexploringRandomTree(RRT)
(Kuffner &LaValle,2000)isaverycommonsolutionthatisbasedonthe
creationofbranchesinatreethatrepresentspossiblepaths.Itisnecessary
tocheckthecollisionsinthetreeuntilapathbetweentheinitialandthe
goalpointisreached. Adifferentoptionistobuildagridmapwhereclassic320

searchalgorithms(Dijkstra,A∗)computethebestpaths.Inthepotential
field-basedtechniques(Barraquandetal.,1992),themainideaistoconsider
thattherobotisinfluencedbyapotentialfield. Atraditionalshortcoming
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relatedtothepotentialfieldsisthepresenceoflocalminima.However,they
haveevolvedtosolutionswherelocalminimaareavoided.Forexample,325

GeandCui(Ge &Cui,2000)takeintoaccountthedistanceto
thegoaltoimplementapotentialfieldwhichensuresthatthegoal
positionisreached.Thealgorithmproposedinthispapercanbeincluded
inthisclass.TheFMmethodisanumericalalgorithmbasedonapotential
fieldthatwasintroducedbySethian(Sethian,1996). Anartificialpoten-330

tialfieldiscreatedaccordingtotheinformationprovidedbysensors.Local
minimaareavoidedbecausethealgorithmreliesonawaveexpan-
sionthatcancoverthewholemap.Themainfeaturesofthemost
commonalgorithmsaresummarizedinTable1.

Table1:Pathplanning: Mostcommonalgorithmsandcharacteristics.

Algorithm Searchalgorithm Advantages Limitations
(Dijkstra,A∗)

Combinatorialplanning Notrequired Complete Suboptimalpaths
(notsmooth)

WorseforHDspaces
Gridmap Required Complete Suboptimalpaths

(notsmooth)
WorseforHDspaces

Sampling-based Required Probabilisticallycomplete Suboptimalpaths
(RRT,PRM) BetterforHDspaces (notsmooth)
Potentialfields Notrequired Complete Localminima

(FM) Optimalpaths(smooth) (notinrecentversions)
WorseforHDspaces

IntheoriginalversionofFM,eachcellofthegridhasanisotropicbe-335

havior.Thevectorfieldthathasbeenincludedtorepresentphenomenalike
sandlandslidesintroducesananisotropicbehaviorintheplanningmodule.
Differentauthorshavestudiedtheinfluenceoftheanisotropyinpath

planning. SethianandVladimirsky(Sethian&Vladimirsky,2003)intro-
ducedasetoftechniquescalledorderedupwindmethodsforapproximating340

thesolutionofgeneralHamilton-Jacobipartialdifferentialequations.They
usepartialinformationaboutthecharacteristicdirectionstodecouplethese
nonlinearsystems,reducingthecomputationaleffortwithrespecttothepre-
vioustechniques.In(Bougleuxetal.,2008,Peyŕe,2010),theauthorshave
considered2DRiemannianmanifoldsdefinedoveracompactplanardomain345

andhavedesignedananisotropictensorfieldthatcorrespondstoaRieman-
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nianmetricinordertolocallyimposetheorientationandaspectratioofthe
solution.Fasterstrategieswereproposedin(Jbabdietal.,2008,Shumetal.,
2015).In(Petresetal.,2007,2005),thesamename,AnisotropicFM(AFM),
isusedfordifferentsolutionsofasimilarproblem. ThenamesDirectional350

FMandFM*havebeenutilizedin(Pardeiro,2015)fororientedpropagation
algorithmsbasedonFM.

2.1. PlanetExploration

Multipleresearchershaveinvestigatedhowtoapplydifferentversionsof
theprevioustechniquestoplanetexploration.355

Volpeetal.(Volpeetal.,2000)haveimplementednavigationtechniques
addressingthisproblemat multiplelevels.Their methodcomputeslo-
calpathsuptotherangeofthedistancesensors. Theirplanneris
basedonthe workpresentedin(Laubach & Burdick,1999). This
algorithmhastwooperating modes: motiontogoalorboundary360

following. Differentsubgoalsaredefinedandthesensorinforma-
tionisusedtodecideifthevehiclegoestotheobjectiveorifit
isnecessarytoavoidanobstacle. Thistechniquedoesnotreturn
smoothpathsanditonlytakesintoaccountthepresenceofobsta-
clesinthescanningarea.365

Anoverviewofthe mobilityandthevisioncapabilitiesoftheNASA’s
Marsroversisgivenin(Maimoneetal.,2007). Thelocalpathselection
mode makesitpossibletocorrecttheinitialpath. Theauthors
havereportedthatvisualodometryandacleversequenceofcom-
mandsareneededtonavigatesafelyonhighslopesorinsandy370

areas. Thelocalobstacleavoidance moduleiscalled GESTALT
(Grid-based EstimationofSurface Traversability Appliedto Lo-
cal Terrain). Thissystemusesstereocamerastoevaluateterrain
safetyandavoidobstacles.Theonboardpathplanningmethodhasbeen
presentedin(Carstenetal.,2007).Theglobalplannerdependsonthe375

Field D∗algorithm(Ferguson &Stentz,2006). Field D∗isagrid-
basedalgorithmthatappliesinterpolationtogeneratedirect,low
costpaths. Acostthatrepresentsthetraversabilityisgivento
eachcellandtheobjectiveisto minimizethecostbetweentwo
locations.380

Gennery(Gennery,1999)hasstudiedthetraversabilitybasedonthree-
dimensionaldata. Thisparameteriscomputedtakingintoaccount
theslope,the height, andthesurfaceroughness. Theauthor
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hasproposedaplanning methodthatreliesonthe minimization
ofacostfunctionthat uses boththe distancetraveledandthe385

traversability.
Rekletitis etal.(Rekleitisetal.,2008)havepresentedthepath

planningapproachadoptedbythe CanadianSpace Agency. The
mapinformationisencodedtogenerateagraphstructure where
the path planningtaskcorrespondstoagraphsearchin which390

differentobjectivescanbefolloweddependingonacostfunction
thathastobedefined. Theyconsiderdistance,slope,roughness,
andcellcount.

In(Ishigamietal.,2007),dynamicsimulationsareimplemented
tochoosebetweendifferentpaths. Theauthorscomparethesta-395

bility,the wheelslippage,theelapsedtime,andtheenergycon-
sumption.

Potirisetal.(Potirisetal.,2014)havefollowedastrategybased
on PRM whereaparametercalledterrainsensitivityisusedto
therepresentsignificantslopesandroughterrain.400

Mũnoz etal. (Mũnozetal.,2012)haveproposeda metricto
avoidlargeheadingchanges. Theyhaveconcludedthatpathswith
moreturnscouldbeconvenient whenshorterpathshaveabrupt
directionchanges.

3. TheEikonalEquationandtheFast Marching Method405

A desirablefeatureforanexploratoryvehicleisto driveina
smooth,safe,andfastwaytothegoalpoint.Theelectromagnetic waves
haveinterestingpropertiesthatcanbeappliedtosolvethepath
planningproblem.Ifthereisanantennalocatedatthegoalpointthat
emitsanelectromagneticwave,therobotcouldnavigatetothedestination410

followingthewavestothesource.Thisideaisespeciallyinterestingbecause
thepotentialmagneticfieldhasallthegoodpropertiesdesiredforthepath,
whicharesmoothnessandtheabsenceoflocalminima.Inasimilarmanner,
Fermat’sprincipleinopticssaysthatthepathofabeamofmonochromatic
lightfollowsthepathofleasttime. Whentherefractiveindexisconstant,the415

wavefrontsarecircleswhichrepresentdifferentarrivaltimesandthepaths
arestraightlines(Figure2, Figure3left). Whentherefractiveindex
variescontinuously,thelightbeamisalsocontinuouslybentandsmooth
pathsareobtained(Figure3right).
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Figure2: Waveexpansionwhentherefractiveindexisconstant. Timeinthethirdaxis.
Unitsincellsandseconds.

Onewaytocharacterizethepositionofafrontinexpansionistocompute
thearrivaltimeTinwhichthefrontreacheseachpointofthespace.Itis
straightforwardthat,foronedimension,theequationofthearrivalfunction
canbeobtainedinaneasyway. Thedistancexistheproductofthespeed
FandthetimeT.Thespatialderivativeofthisequationis

dT(x)

dx
=

1

F(x)
. (1)

Itcanbenoticedthatthemagnitudeofthederivativeofthearrivaltime420

functionT(x)isinverselyproportionaltothespeed.
For multipledimensions,thesameconceptisvalidbutthederivativeis

replacedbythegradient,becausethegradientisorthogonaltothelevelsets
ofthearrivaltimefunction.

Ifthespeeddependsonlyontheposition,theEikonalequationisob-
tained:

|∇T(x)|F(x)=1, (2)

wherexrepresentsaspatialpointofthe map. TheEikonalequationcan425

besolvedforeachpointoftheenvironment,whichisgivenbytheplanet’s
surfaceinthisapproach.

TheFMtechniqueisanalgorithmdevelopedbySethian(Sethian,
1996)tosolvetheEikonalequation.Thetimecomplexityofthismethod
isO(n)(Yatzivetal.,2006),wherenisthenumberofcellsofthe map430

(the mapisimplementedinadiscretegrid). Thesolutionofthediffer-
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Figure3:FMexamples:Left:Basicversionwithconstantspeed;Right: Repulsivepoten-
tialfieldfromobstacles.

entialequationisbasedonanupwindfinite-differenceapproximationto
thegradient.

IntheFM method,itisassumedthatthecostvalueisalways
positive,which meansthattherearenoreflectionsandthewavefront435

isalwaysmovingforward.Undertheseconditions,thewavefrontcrosses
eachpointonlyonce.Inthebasicversion,sincethespeedisconstant,the
wavepropagationresultsinapaththatcorrespondstotheGeodesicdistance
(Figure3left).Therefractionindexisthemetricthatindicatesthevelocity
atwhichthewavefrontmovesforward.440

Thespeedorpotentialofeachcellisnotconstantintheversionim-
plementedinthispaper(Figure3right). Apotentialfieldisbuilt
accordingtothevelocitiesofeachcell.F(x)considersbothscalarandvec-
torialpropertiesthatsymbolizetypicalfactorstobetakenintoaccountin
Mars. Thespeed ateachcellisdependentonthecostvaluethatwillbe445

presentedinSection4. Forthisreason,F willrepresentthecostvalue
giventoeachcellfromnowon.

Twodifferent methodsareusedheretosolvetheEikonalequationin
orthogonal(Section3.1)ortriangular(Section3.2)meshes.Theorthogonal
meshcorrespondstothegrid mapintwodimensions. Thetriangular mesh450

isbuiltinthreedimensionsfromtheinitial mapinordertorepresent more
accuratelyathree-dimensionalsurface. Experimentswithbothapproaches
havebeenconducted.Bothimplementationsarebasedonpreviousresearch.
Aschematicdescriptionisgiveninthenextsections.Thereadercanconsult
(Garridoetal.,2009)foramoredetailedexplanation.455
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3.1. Algorithmimplementationinanorthogonalmesh

ThissectiondescribestheimplementationoftheFM methodinanor-
thogonal mesh. Thistechniqueisbasedon awavefrontpropagation
normaltoitselfwithaspeedfunctionF(i,j),where(i,j)arethecoordi-
natesofthe map.T(i,j)isthetimeatwhichthewavecrossesthepoint460

(i,j).Thetimesofarrivalarecalculatedinanincremental wayfor
thewholegrid. Afterthat,theplanningmethodcomputesthepaththat
minimizesthetimeofarrivalusingthegradientdescentmethod.

Whileevolving,thealgorithmclassifiesthepointsofthemeshintothree
sets:frozen,open,andunvisited. Frozenpointsarethoseoneswherethe465

arrivaltimehasbeencomputed. Unvisitedpointsarethoseonesthathave
notbeenprocessedyet. Thewavefrontisformedbytheopenpoints,
whichrepresenttheboundarybetweenfrozenandunvisitedregions.

Atthebeginning,thestartingpointis markedasfrozenwithtimeof
arrivalequaltozero. Allpointsadjacenttoit(vonNeumannneighborhood
isconsidered)are markedasopenandtheirtimesofarrivalarecomputed
usingthefollowingequation(Osher&Sethian,1988):

Tij−Tx

∆x

2

+
Tij−Ty

∆y

2

=
1

F2
ij

, (3)

whereTxandTyaretheminimumarrivaltimesoftheneighborsineachaxis,
andFijisthevelocityofpropagationinthecellforwhichthearrivaltime470

isbeingcomputed(aslightlydifferentnotationisusedforsimplicity,Tijis
T(i,j)andFijisF(i,j)). Theobjectiveistosolvetheequationobtaining
Tijforthecurrentcell.Thesolutiondependsonthenumberoffrozenpoints
thatareneighborsoftheopenpointforwhichthefrontpropagationisbeing
calculated. Differentstrategiesareneededforoneortwofrozenpoints.A475

detailedexplanationofthis methodcanbefoundin(Valero-Ǵomez
etal.,2013).

TheproceduretocomputethesolutionisdetailedinpseudocodeinAl-
gorithm1.Anexampleisgivenin Figure4. Ateachiteration,theopen
pointwiththesmallestvalueofT islabelledasfrozenanditsneighbors480

areanalyzedandtaggedasopen. Theprocesscontinuesuntilallpointsare
markedasfrozenorthegoalisreached.Intheleftpartofthefigure,thedark
bluepointisthestartingpointofthewaveanditsneighborsare markedin
grey.Inthesecondfigurefromtheleft,theirtimesofarrivalarecomputed
andtheyarecoloredinlightblue,whiletheirneighborsarelabelledingrey.485
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Figure4:FMpropagationfromaninitialpoint. Constantrefractionindex.Iterationsof
FMwithonewavein2D.Colorcode: white(unvisited),darkblue(initialpoint),grey
(open),othercolors(frozen). Differentcolorsrepresentdifferenttimesofarrival.

Algorithm1 FM Method

Require: AgridmapX ofsizem×n,sourcepointx0.
Ensure: ThegridmapX withtheTvaluesetforallcells.

Initialization.
1:forallx∈X do
2: T(x)← ∞;
3:endfor
4:T(x0)← 0;
5:frozen← x0;
6:open←N(x0); Neighborsofx0.
7:Update(open); Timeofarrivalcomputedforopen.

Iteration.
8:whilefrozen=X do
9: x1← argmin

x∈open
T(x);

10: forallxi∈N(x1)/∈frozendo
11: Update(xi); Timeofarrivalcomputedforallneighbors.
12: endfor
13: open← open∪N(x1)/∈frozen; Updatingsets.
14: frozen← frozen∪{x1};
15:endwhile

Thealgorithmcontinuesandthepointswiththesametimeofarrivalare
markedwiththesamecolor.Finally,sincethetimeofarrivalfunctionhasa
funnel-likeshape(ifthetimeofarrivalisrepresentedinathirddimension),
therobot’spathisextractedusingthegradientdescentmethod.

3.2. Algorithmimplementationinatriangularmesh490

AlthoughFMwasfirstdescribedfororthogonalmeshes,itwasextended
latertogeneraltriangular meshessincethesestructuresare moreflexible
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whendescribingsurfaces(Kimmel&Sethian,1998). Thisversionrequires
twoverticesofthesametriangleinordertocomputethetimeofarrivalof
thethirdvertex.IntheexampleofFigure5,theobtentionofthetimeof495

arrivalT(x3)forthetriangledefinedbyx1,x2andx3isanalyzed.Ifitis
consideredthatx1andx2andtheirtimesofarrivalareknown,theequations
ofthebluelinesthatcrossthesepointsare

ax11+bx12=d1=T(x1), (4)

ax21+bx22=d2=T(x2), (5)

wherex11andx12arethetwo-dimensionalcoordinatesofx1andd1represents
thetimeofarrival. Observingthefigure,theperpendiculardirection(with
respecttothebluelines)correspondstothetimeofarrival.Thecoefficients
a,b,andthenormalvectorncanbecalculatedbysolvingthissystemof
equations. Afterthat,theauthorsin(Kimmel &Sethian,1998)usethe
followingversionoftheEikonalequationtocomputethevalueofx3:

x3−x1

h

2

+
x3−x2

h

2

=
1

F2
x3

. (6)

Thesolutionissubstitutedintheequationoftheredlinetocalculatethe
timeofarrivalofthethirdvertex:

d3=T(x3)=ax31+bx32. (7)

Theaforementionedideaworksfornon-obtusetriangularmeshes.Ifthere
areobtusetrianglesinthe mesh,itcanbesolvedbyconnectingthevertex500

x3toanotherpointofthemesh(Kimmel&Sethian,1998).Figure6depicts
thefrontwavepropagationinatriangularmesh.ThegeneralFMalgorithm
canstillbeappliedinthiscase,withtheonlychangeoftheupdatestep.

4. Fast Marching Methodsubjectedtoa VectorField

Theobjectiveofthistechniqueistocomputeapathaccordingtothe505

typeofenvironmentwherethe methodwillbeapplied. Thefactorstobe
consideredin Marscanbeclassifiedintoscalarandvectorialproperties.In
ordertointroducethesecharacteristicsinthepathplanning module,anal-
gorithmthatoptimizesascalarcostfunctionsubjectedtoanexternalvector
fieldisproposed.510
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Figure5:FMupdatestepappliedtoatrianglex1,x2,x3whenthetimesofarrivalcorre-
spondingtotwoverticesareknown.

Figure6: FMfrontwavepropagationinatriangular mesh. Thesourcepointisatthe
bottom.

TheoriginalFMmethodconsidersagridmapwherethepotentialiscon-
stantforthefreespace.Inthispaper,thepotentialis modifiedtodefine
avalueFijforthepotentialfieldofeachcellthatincludesthedesiredpa-
rameters. Followingthisidea,thepotentialfieldisdescribedbythenext
equation:

Fij=Fscal,ij+Fvect,ij, (8)

whereFscalandFvectrepresenttheinfluenceofthescalarandthevectorial
properties,respectively.Bothtypesoffeaturesareintroducedinacumulative
wayfollowingthesameapproachproposedin(Petresetal.,2007). Different
weightscouldbegiventoeachcomponentifnecessary.

Oncethecostvaluesarecalculatedforthewholemap(Fijcanbeviewed515

asacostvalue),theFMmethodcomputestheshortestpathinthepotential
fieldusingthegradientdecent method. Thisisageneraltechniqueand
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anyotherstrategycouldbeapplied.IfFijisnormalizedaccordingtothe
maximumspeedofthe Marsrover,theoptimalpathcouldbeestimatedfor
thevehicleofinterest.520

Thescalarpropertiesextractedfromthe mapthatarecomputedbythe
plannerarethechangesinheight,theslope,andthesphericalvariance,
whichisaparameterthatgivesusinformationaboutthesurfaceroughness.
Thesedatacantakeintoaccounttherobot’scharacteristicsandthe
environmentconditionstogenerateweights(Fscal)withthecostvalues525

foreachlocation(Section4.2).Forexample,theslopeortheroughness
canbesetuptoreducethespeedtothe minimumwhennavigating
dangerousareas. Thissetof weightscanbeviewedasadifficultyor
viscosity map. Oncetheweightsarecalculated,theFMalgorithmcouldbe
appliedoverthemodifiedpotentialfieldtogeneratethepath. Nevertheless,530

thescalarpropertiesarenottheonlyonesthataretakenintoaccountbythe
costfunction.

Moreover, theplanningmethodissubjectedtoanexternalvectorfield
torepresentphenomenalikesandlandslides. Thisvectorfield,whichwill
beexplainedlaterinthissection,introducesananisotropicbehaviorinthe535

planningmodule.IntheoriginalversionofFM,eachcellofthegridhasan
isotropicbehavior. Thewaveexpansionhastobeconsideredinadifferent
wayinananisotropiccostmap.

Theideapresentedin(Petresetal.,2007)is modifiedinthispaperto
developthevectorialcomponentofthecostfunction. Forthisreason,the540

term“subjectedtoa VectorField”isanadequatenametorepresentthe
physicalmeaningoftheFMVFplanningtechnique.

Ithastobesaidthat,tothebestofourknowledge,theauthorsdid
notcontinueusingthetechniquepublishedin(Petresetal.,2007,2005). A
possibleshortcomingoftheirmethodisthattheynormalizethemagnitudeof545

theexternalvectorfieldwithouttakingintoaccountthescalarcomponentof
thecostfunction.Thiscausesthattwovectorfieldswithdifferentintensities
(forexample,oneandten)havethesameeffectonthefinalpath. Thereal
influenceofthevectorfieldisnotintroducedinthecostmap.Thefunction
thatisnormalizedinthispaperisthetotalcostfunctiongivenbyEquation550

8.Eachcomponentofthisequationisdescribedinthenextsections.

4.1. Costvalueoftheexternalvectorfield

Theinfluenceofanexternalfactorrepresentedbyavectorfieldonthe
velocityofavehicledependsonthemagnitudeofbothvariablesandtheangle
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betweenthem.Ifthisrelationisdefinedbythedotproductofthegradient
ofthetimeofarrivalandtheexternalvectorfield,thenextequationcanbe
appliedtomeasurethisfactor:

Fvect,ij= ∇T(i,j),Fext,ij , (9)

where , isthestandarddotproductinR2.Fext,ij istheexternal
vectorfieldandFvect,ij isthecomponenttobeaddedtothecostfunction.
Thisformulacanbemodifiedtochangetheinfluenceofthevectorfield.555

AnalyzingEquation9,theforcefavorsthevehiclewhenboththeexternal
vectorfieldandthevehiclearepointingtothesamedirection.Inthisway,
vectorialfeaturescanbeincludedintheplanningmethod.Thisideaisbased
onthesolutionproposedin(Petresetal.,2007). However,thevectorfieldis
notlimitedherebyaweightfactor.Inthe AFMapproach,thevector560

fieldcomponentisnormalizedand,afterthat,itisaddedtothe
scalartermofthecostvalue. Thetotalcostvalueisnormalizedin
theFMVF method, whichisbelievedtobeabetteroption when
modelingtheinfluenceofphenomenathatcanbefoundin Mars.
Thenotationisslightlydifferentbecauseithasbeenadaptedtothecurrent565

method. Moredetailsonthealgorithmcanbeconsultedin(Petresetal.,
2007).

ItisimportanttohighlightthatthenewcostfunctiondefinedinEquation
8 mustbealwayspositive,becausethewavefrontcannot movebackwards
intheFMmethod.570

TheinfluenceofanexternalvectorfieldisillustratedinFigure7.There
isarectangularobstacleinthe middle. Theexpansionofthewavewithout
anexternalvectorfieldisshownintheleftpartofthefigure.Intheright
part,theexpansionisinfluencedbyanexternalunitaryvectorfieldwhich
ispointingtotherightintheupperpartofthe mapandtotheleftinthe575

lowerpart.Thewaveexpandsfasterintheupperpart.
Furthermore,theFMVFalgorithmcanincludemultiplescalarproperties

inthecostvalue.Thesecharacteristicsaredescribedinthenextsection.

4.2. Costvalueofthescalarproperties

Multiplescalarvariablescanbeintroducedinthecostfunctionofthe580

pathplanning method. The mainobjectiveistodefineacostvaluefor
eachcellFscal,ij. Thecurrentapproachisbasedontheweightedsumofthe
parameters.Thesurfaceroughness,theslopeoftheterrain,andthechanges
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Figure7:Left: FMexpansionwavewitharectangularobstacleinthemiddle;Right:
FMVFexpansionwavesubjectedtoaunitaryvectorfieldthatispointingtotherightin
theupperpartandtotheleftinthelowerpart.

inheightwithrespecttotheinitialpointofthepatharethevariablesthat
willbeincludedinthescalarcostvalue.Eachcomponentofthescalar585

costisexplainedinthefollowingparagraphs.
In(Castej́onetal.,2005),anequationtocalculatetheroughnessdegree

ispresented.Thesphericalvariancefindstheroughnessofasurfacetodeter-
minethelevelofdifficultyforthevehicletomovethroughit.Thespherical
varianceisobtainedfromtheorientationvariationofthenormalvectorat590

eachpoint.Inauniformterrain(lowroughness),thenormalvectorswillbe
approximatelyparalleland,forthisreason,theywillpresentalowdisper-
sion.Inanuneventerrain(highroughness),thenormalvectorswillpresenta
greatdispersionduetochangesintheirorientation.Thesphericalvarianceis
obtainedusingtheavailablesensordatafollowingthenextsimpleprocedure.595

Givenasetofnnormalvectorstoasurface(unitaryvectors)definedby
threeCartesiancoordinates(xi,yi,zi)(extractedfromtheMarsheightmap
inthiscase),themoduleofthesumvectoris

R=
1

n

n

i=0

xi

2

+

n

i=0

yi

2

+

n

i=0

zi

2

, (10)

whereitcanbenoticedthatthemeanvalueisnormalized(R ∈[0,1]).
ThesphericalvarianceSvisthecomplementaryofthepreviousresult:

Sv=1−R. (11)

When Sv=1,thereexistsamaximumdispersionthatcanbeconsidered
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asthemaximumroughnessdegree. WhenSv=0,afullalignmentexistsand
theterrainisflat.

Theslopeoftheterrain(St)isalsoanimportantfactor.Thisparameter600

canbenormalizedorevensaturateddependingontherobot’scapabilities.
Thesaturationofthisvariableconsistsofdefiningamaximumthresholdfor
thegradient.Themaximuminclinationthattheroverisabletocrosswillbe
thelimitvalueforthesaturatedgradient.Inthisway,Stcanbepenalized
inordertoavoidthesaturatedzones. Theotherscalarvariablescouldalso605

besaturatedifnecessary.
Thelastparameteristhechangeinheight(Hc)withrespecttotheinitial

pointofthepath.Theobjectiveistodriveonflatsurfaces,andvaluesclose
totheinitialonearefavored.

Aspreviouslyexplained,thescalarpropertiesareusedtocomputethe610

scalarcomponentofthecostvaluethatmodifiesthepathgivenbytheorig-
inalFM method. Thesecharacteristicscanbecombinedindifferentways
inordertosatisfydifferentrequirements. Inaddition,anyotherfeature
definedbyascalarvaluecouldbeadded. Forexample,aninteresting
propertythatcouldbeincludedisthesolarenergy. Theobjective615

oftheplannercouldbeto maximizetheenergyabsorption. This
parameterdependsontheinclinationofthesolarpanels.

Inthispaper,theslope,thesphericalvariance,andthechange with
respecttotheinitialheightarecomputedforeachpointofthe map. A
weightedsumofthesevariablesisappliedtoobtainthescalarcostofthe
FMVFmethod:

Fscal,ij=1−(a1·Svij
+a2·Stij

+a3·Hcij
), (12)

wherea1,a2anda3areweights( iai=1). Fscal,ijcanbelimitedaccording
tothenavigationrequirements.

Equation12isnormalizedtobeintheinterval[0,1]. Differentvalues620

canbegiventoa1,a2,a3inordertofavororpenalizeparticularsituations
dependingonthetaskrequirements.Fscal,ij=1correspondstopointswith
maximumspeed.LocationswithFscal,ij=0areplaceswithminimumspeed.
Thismeansthattherobotwillnotbeabletopassacrossthem.

When Fijisgeneratedforthewholemap,theFMVFalgorithmisrunto625

calculatethebestpath. WiththeFMVFtechnique,itcanbeassuredthat
thepathwilltakeintoaccountthedesiredparameters. Differentexamples
aregiveninSection5tovalidatethecurrentapproach.
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Figure8:Left:Simulatedindoormap. Whiteforfreespaceandblackforobstacles.Size:
80×80cells. Middle:Distancetoteclosestobstacle(Fscal,ij),computedfromzero(dark
blue)toone(yellow).Right: Timesofarrivalforeachcell(Fvect,ij=0). Times
fromblue(initialpoint)tored(goal).

5.ExperimentalResults

Differenttestshavebeencarriedouttochecktheperformanceofthe630

FMVFalgorithm.First,severalexamplesaregiveninasimulatedenviron-
menttoexaminetheinfluenceofanexternalvectorfield. Sincedifferent
parameterscanbeintroducedinthecostfunctionoftheplanningmodule,
thenextexperimentsvalidateourmethodunderdifferentcircumstancesthat
resultindifferentcostvaluesinordertohighlightparticularsituationsthat635

canoccurinMars. Thelastexperimentsstudyanoptionthatpermitsto
avoidcertainzones.

5.1.Validationinasimulatedenvironment.

Thefirstexperimentsshowtheinfluenceofanexternalvectorfieldonthe
pathplanningmodule.Inordertodothat,twosimpletestsinasimulated640

environmentareproposed.Orthogonalmeshesareusedinbothcases.
AsimulatedmapofanindoorenvironmentisdisplayedinFigure8.The

gridmapisformedbyobstacles(black)andfreeplaces(white).Inorderto
applytheFMVFmethod,Fscal,ijisthedistancetotheclosestobstacleinthis
experiment(middle partofFigure8). Anormalizationfactorisincluded.645

Fscal,ijvariesfromzero(darkblue)toone(yellow). Theformulagivenin
Equation12isnotconsideredbecausethemaphasnotenoughinformation
(plane,samepropertiesinthewholegrid).Theobjectiveistoillustratethe
influenceofanexternalvectorfield.ThetimesofarrivalwhenFvect,ij=0
areshownintherightpartofthefigure.650
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Figure9detailsthebehavioroftheFMVFmethodfortwoexternalvector
fields. Thealgorithmobtainsthepropagationofa wavefromtheinitial
pointgiventhescalarpotentialwhenanexternalvectorfieldisalsoapplied.
Unitaryfieldsareaddedinthiscase. Thetimesofarrivalaccordingtothe
totalcostvalues(Fij)whenthevectorfieldispointingdownandwhenitis655

pointingupareshownintheleftpartofthefigure.Finally,itispossibleto
findthepathsbyapplyingthegradientdecentmethod(rightpartofFigure
9).

Theinfluenceofthevectorfieldcanbeappreciatedinthefigure. Different
waysarefollowedineachcase.Itcanalsobeobservedthatthepathisnot660

closetotheobstacles. Theplanning method maintainsthesmoothnessand
thesafety,characteristicsthatarereportedinourpreviouswork.

Thenextexperimentincludesanadditionalvariablewhichpenalizesthe
pathdependingonthechangewithrespecttotheinitialheight. Thisisan
interestingfeatureforrovers.665

Iftheheightchangeisconsideredasadifficulty,thereferenceheighthas
tobecomputedfortheinitialpointandchangeswithrespecttothereference
havetobepenalized.Inthiscase,Fscal,ijisequaltoHcij

. Onlyonescalar
parameteristakenintoaccount.

ThesimulatedmapofFigure10representsathree-dimensionalviewofa670

planet’ssurface. Twodifferentpathsfortwodifferentexternalvectorfields
(alsounitary)arecomputed.Thevectorfieldpointsdown(inthehorizontal
projectionsshownatthebottom,itdoesnotdependontheheight)inthe
leftpartofthefigure.Intherightpart,itpointsup.Inbothpaths,itcan
beobservedthatthechangesinheightareminimumduetothepenalization675

factorintroducedinthecostfunction.Bothpathsaresmoothandsafe.

5.2. Experimentsinrealmap

Informationabouttheplanet’ssurfaceisneededtoapplythecurrent
techniqueinrealconditions. The Marsheight mapprovidedbytheNASA
isusedinthispaper(Figure1). The mapresolutionis60kilometersatthe680

equator. Anareasurroundingthe GaleCrater,whereCuriositylandedon
Mars3,hasbeenchosenfortheexperiments.Thecraterhasadiameterequal
to154kilometers. Thezone maphasbeendiscretizedtoa600×600grid
wheretheplanningmethodneedslessthan0.1secondstocomputethepath

3http://mars.nasa.gov/msl/mission/timeline/prelaunch/landingsiteselection/aboutgalecrater/
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Figure9: ExampleoftheFMVFmethodinasimulatedindoormap. Top: Timesof
arrivalforeachcell(left)andpath(right)withaconstantvectorfieldthatispointing
down.Bottom:Timesofarrivalforeachcell(left)andpath(right)withaconstantvector
fieldthatispointingup.Timesfromblue(initialpoint)tored(goal).

inallcases.685

Theobjectiveistotestthemethodunderdifferentcircumstances.Several
pathshavebeencomputedanddifferentvalueshavebeengiventotheweights
presentedinSection4inordertoexaminedifferentsituationsthatcanoccur
whentheMarsroverisnavigating.Theseexperimentsarepresentedin
thenextsections.690

5.2.1.Influenceoflandslides

Oneofthemainobjectivesofthispaperistoimprovetherobot’scapabil-
itiesinsurfaceswithlandslides.Thepresenceofsandbanksandlandslides
isoneofthebiggestproblemsofMarsroverswhennavigating.Sandbanks
canbeavoidedbypenalizingFscal,ijinthedesiredzones.Landslidescanbe695
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Figure 10: Example of the FMVF method in a simulated map that represents a three-
dimensional surface. Top: Simulated map. Units in cells.The direction of the vector
field (corresponding to the bottom left image) is indicated. Bottom left: path
when the vector field is pointing down. Bottom right: path when the vector field is
pointing up.

modeled by an external vector field.Two different tests have been per-
formed to examine this parameter.The use of a non-constant vector
fieldthat depends on the gradientis explored inboth cases.
If the influence of sand landslides over the surface of Mars is analyzed, this

variable can be characterized by an external vector field that is proportional700

to the gradient of the surface. More pronounced slopes will cause more
movement of sand.
In the first experiment,Equation 9ismodified to minimize the influ-
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Figure11:Influenceofsandlandslides.Correctionofthepathaccordingtothevectorfield
givenbytheslopeofthesurface. Orthogonal mesh.Left: Withoutvectorfield. Middle:
Vectorfieldequaltothegradient. Right: Thevectorfieldistentimesthegradient.

enceoflandslides:

Fvect,ij=1− ∇T(i,j),Fext,ij . (13)

Thescalarproductisnormalizedtobeintheinterval[0,1]. Afterthat,
differentweightscouldbegiventothiscomponent. Navigationinzoneswith
moresignificantslopesispenalized.705

DifferentvectorfieldsareappliedinFigure11totestthisparameter.
Equation13isusedforthevectorialcomponentofthecost.Inthiscase,the
scalarvariablethatisincludedinthecostisalsothechangeinheightwith
respecttotheinitialreference. Ascalefromdarkbluetoyellowisutilized
torepresenttheheight(yellowisthemountainpeak).Figure11(left)shows710

that,withoutthevectorfield,theplanning modulereturnsasmoothpath
thatdoesnottakeintoaccountpossiblesandlandslides. Whentheexternal
fieldisaddedtothecostvalueofeachcell,thepathiscorrectedtoavoid
zoneswithsignificantslopes.Inthisway,theroverwillminimizetheimpact
ofsandlandslides. Differentpathsareobtaineddependingontheweight715

giventothevectorfield.Thisoptionisnotpossible whenusingthe
AFM methodbecausethevectorfieldcomponentisnormalized.
Thepath willnotdependonthe magnitudeofthevectorfield.The
vectorfieldisutilizedheretocorrectthepathimprovingthesafetyofthe
vehicle.720

Intheleftpartofthefigure,thepath minimizeschangesinheight,but
therobotisnavigatinginareaswithimportantslopesthatcancausethe
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Figure12: Twodifferentpathsinthe GaleCrater. Lateralsandlandslidesproportional
tothegradient. Orthogonal mesh.Left: Withoutlandslides;Right: Withlandslides.

deteriorationofthepathduetolandslides. Thisfactoriscorrectedinthe
othercases.Thechangesinheightarenotminimized,butthepathisflatter.

Adifferentoptionthatisstudiedinthesecondexperimentisto725

usetheexternalvectorfieldtoestimatetheactualpaththattherobotwill
follow.Inthisexperiment,theexternalvectorfieldisutilizedtocompute
howthepresenceofsandlandslidesaffectstherobot’spath(Equation9is
appliedagain). Afterthat,deviationscouldbecorrectedifnecessary.Figure
12displaystwodifferentpathsintheGaleCratertakingintoconsideration730

thelateralsandlandslides. Thevectorfieldthatiscreatedisproportional
tothegradientofthesurface.Intheleftpartofthefigure,asmoothpath
iscomputedwithouttheexternalvectorfield.Intherightpart,thepathis
changedwhensandlandslidesaretakenintoaccount. Thescalarcostvalue
isHcij

.735

Afteranalyzingtheinfluenceofthevectorfield,theplanning module
couldcorrectthepathifnecessary. Forexample,anexternalvectorfield
intheoppositedirectioncouldbeaddedinordertoobtainanactualpath
closertotheoriginalone(leftpartofthefigure).

5.2.2.Influenceofscalarparameters740

Inthissection,theaimistotesthowtocombinedifferentoptionsin
thescalarcostfunction. TheFMVF methodisrunforatriangular mesh
(builtfromtheoriginalmapinordertorepresentmoreaccuratelythethree-
dimensionalsurface)surroundingtheGaleCrater.Theexternalvectorfield
hasbeenomittedforsimplicity.Theoriginalmapistransformedtoatrian-745
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Figure13: PathsdependingonFscal,ij. Upperleft: Heightchanges(Fscal,ij=1−Hcij);
Upperright:Slope(Fscal,ij =1−Stij);Bottomleft:Sphericalvariance(Fscal,ij =1−
Hcij

);Bottomright: Combination(Fscal,ij=1−(0.4·Svij
+0.4·Stij

+0.2·Hcij
)).

gularsurfacewithdifferentheights,ascanbeappreciatedinFigure13.The
scalegoesfromwhite(loweraltitude)tobrown(craterpeaks).Thestarting
pointisredandthegoalisblue.Fourdifferentoptionsarepresentedinthe
figure.

Iftheobjectiveistopenalizeonlytheinclinationofthesurface,thescalar750

costshouldbeFscal,ij=1−Stij
.Thisoptionisillustratedintheupperright

partofthefigure.The Marsrovertraversestheflatareagivenbythewhite
triangles,whichcorrespondstothesmallestgradients.

Intheupperleftpartofthefigure,thenavigation module minimizes
changesinheightwithrespecttotheinitialpoint(Fscal,ij=1−Hcij

). The755

rovernavigatesthroughzoneswiththesamecolortryingtokeepaconstant
height.

Whenonlythesphericalvarianceisincludedinthecostvalue(Fscal,ij=
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1−Svij
),therobotavoidsobstaclessuchasrocks. Thiscaseisdetailedin

thebottomleftpartofthefigure.Itcanbeconsideredthatthepathis760

notsafeenoughbecausethevehicledrivesclosetothemountainsituatedin
thebottomleftcorneroftheimage. However,thereaderhastonoticethat
thescaleofthis mapishugebecausetheinformationprovidedbysensors
representsthewholesurfaceof Mars(resolutionof60kilometresattheequa-
tor).Theroverisactuallykilometresawayfromthemountain.Thisfactled765

ustoconcludethatthesphericalvarianceisaparameterthatwillbe more
importantinsmallerlocalmaps.

Anempiricalcombinationofweightsissettocomputethepathshownin
thebottomrightpartofthefigure.Theseweightscanbeselecteddepending
onthelimitationsoftheroverorthefeaturesofinterest.770

Itisalsoimportanttosaythattheinitialsolutioncalculatedbythe
FMVFmethodcanbeseenasatentativepathfortherobot.Thispathcan
bemodifiedonlinedependingonthesensorinformation.

5.3. Penalizationaccordingtomissinginformation

Anexperiment wheretheflexibilityofthe methodisdemonstratedis775

presentedinthissection.Theuncertaintyaboutsomezonescanbeestimated
dependingontheinformationprovidedbysensors. Followingthisidea,the
velocityinsomezonescouldbereducedorthedangerousregionscouldbe
avoided. Forexample,itcouldbeinterestingtopenalizethoseareaswhere
thereisnovisualinformation.IntheFMVFtechnique,anyfactorcanbe780

takenintoaccountifitcanbeincludedinthecostvalue.
Itcanbeconsideredthatthereisnotenoughinformationtonavigatein

thosezoneswithalowerheightwhencomparedtotheinitialpointreference.
Iftheroverisequippedwithcameras,theinteriorofacratercouldbeun-
known. Figure14showsanexamplewherethescalarcostisbasedonthe785

changeswithrespecttotheinitialheight.Inaddition,thecostispenalized
iftheheightislowerthantheheightoftheinitialpoint. Thisconceptis
implementedbyintroducinganextravariableinthescalarcomponentofthe
costfunction.

Thepathsareintheupperpartofthefigure.Thepotentialfieldsareat790

thebottom. Darkblueisusedforthelocationswiththeworstpotential.In
theleftpart,asmallpenaltyfactorisgiventothelowerzones.Intheright
part,thepotentialofthelowerregionsisstronglypenalized. Thepenalty
factorcanalsobeseenasauncertaintymeasureaboutthesensorinformation.
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Figure14: Differencebetweenpathswhenthescalarcostispenalizedinthelowerheights.
Top:pathsfrominitiallocation(red)togoal(blue);Bottom:Potentialfields;Left:Small
penaltyfactor;Right: Bigpenaltyfactor.

Ascanbeseenintherightpart,the Marsroveravoidsthelowerregions795

inasafeway. Whenthepenaltyfactorissmall(left),itisnotpossibleto
navigatealwaysinthesafezone.

Thesameconceptcanbeappliedtopenalizethegradientorthespherical
variance. AnexamplewiththeslopeisdisplayedinFigure15.Inthiscase,
theoriginalscalarcostonlyincludesthe minimizationoftheslopeanda800

penaltyfactorisintroducedaccordingtotheslope. Inother words,the
scalarcostvalueisstronglypenalizedforbigslopes.Fromaphysicalpoint
ofview,theideaistonavigateavoidingcraters.Thenormalizedgradientis
giveninFigure16.

Intheleftpartofthefigure,thepathwithoutthepenaltyfactorisshown.805

Sincetheplanning method minimizesthesumofthegradients,thereare
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Figure 15: Difference between paths when the scalar cost is penalized depending on the
slope. Paths from initial location (red) to goal (blue). Left: No penalization; Right:
Penalty factor for slopes bigger than a threshold (30 degrees).

Figure 16: Gradient of the surface for the map given in Figure 15. Absolute values.
Normalized between zero (blue) and one (red). Size: 300×300 cells.

some situations (like this one) in which the path includes zones where the
navigation is not completely safe. It can be appreciated that the rover enters
a crater marked with an orange circle in the figure. The penalty factor makes
sense in this case. In the right part, the rover does not enter the crater and810

the safety of the vehicle is improved.
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6. Conclusions

Marsroversrequireexpertandintelligentsystemstosurvive
whenexploringahostileplanet. Inthispaper,wehaveimplementeda
pathplanning methodfor Marsroversthatreliesona modifiedversionof815

theFMalgorithm. Theobjectiveistotakeintoaccountthe mostcommon
factorsthatcaninfluencethevehiclewhenexploringtheplanet’ssurface.In
ourapproach,thesefactorsareclassifiedintoscalarandvectorialvariables.
Inordertointroducethesecharacteristicsinthepathplanning module,a
techniquethatoptimizesascalarcostfunctionsubjectedtoanexternalvector820

fieldisproposed.
Thesurfaceroughness,theslopeoftheterrain,andthechangesinheight

withrespecttotheinitialpointofthepatharethevariablesthatareincluded
inthescalarcostvalue. Anyotherfeaturedefinedbyascalarvaluecouldbe
added.Inaddition,thesecharacteristicscanbecombinedindifferentways825

inordertosatisfydifferentrequirements.
Theplanningstrategyisalsosubjectedtoanexternalvectorfieldthat

symbolizesphenomenalikesandlandslides. Theinfluenceofanexternal
factorrepresentedbyavectorfieldonthevelocityofthevehicledependson
themagnitudeofbothvariablesandtheanglebetweenthem.Tothebest830

ofourknowledge,itisthefirsttimethatavectorfieldisapplied
whendesigningaplanning methodforplanetexploration.

Thealgorithmhasbeentestedusingsimulatedandrealinputdata.
Sincedifferentparameterscanbeintroducedinthecostfunction,theex-
perimentsvalidateour methodunderdifferentcircumstancesthatresultin835

differentcostvaluesinordertohighlightparticularsituationsthatcanoccur
onMars.Theversatilityofthemethodisoneofthemostimportantadvan-
tagesofthecurrentwork. Theplanning module maintainsthesmoothness
andthesafety,characteristicsthatarereportedinourpreviouswork.

Oneofthe maincontributionsisthedevelopmentofaplanning method840

thattakesintoaccountvariablesthatcanbemodeledbyavectorfield.Two
particularexperimentshavebeencarriedouttosimulatesandlandslides.
Theinfluenceofthelandslideis minimizedinthefirstone.Inthesecond
one,itispossibletoestimatedeviationsinthepaththatcanbecorrectedif
necessary.845

Aninteresting worktobeaccomplishedinthefutureistotest
differentparametersinthecostfunction. Forexample,thesolar
energycouldbeincludedinthescalarcomponent. Theenergy
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absorption(parametertobeoptimized)dependsontheanglebe-
tweenthenormaltothesolarpanelsandthevectorfromtherover850

tothesun. More directsunlightreachesthe panelforsmaller
angles.
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