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Abstact—Thevolumeof datathatplanetaryroversandtheir

instrumentpayloadscan producewill continueto outpace
available deepspacecommunicatiorbandwidth. Futureex-

plorationroverswill requirescienceautonomysystemshat
interpretcollecteddatain orderto selectvely compresob-

senations,summarizeresults,andrespondo new discover-

ies. We presenta methodthat usesa probabilisticfusion of

datafrom multiple sensoisourcedor onboardsegmentation,
detectionand classi cation of geologicalproperties. Field

experimentsperformedin the Atacamadesertin Chile shav

the systems performancerersusgroundtruth on the speci ¢

problemof automaticrock identi cation.
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1. INTRODUCTION

“Science autonomy” broadly describesa robotic vehicle's
ability to analyzethescienti ¢ contentof its obsenationsand
usethis informationto take intelligentactions.This onboard
sciencedataunderstandings importantfor ef cient alloca-
tion of arover'stime andbandwidthresourcesAdvancesn
rover navigationareincreasingraverserangeat a ratemuch
fasterthan the increasein communicationsandwidth[2].
Thus, much of the terrainthe rover obseneson a long tra-
versemight never be examinedby scientists. Onboarddata
understandingensureghat the rover reportsthe mostinter
estingandvaluabledata.Our researctobjectiveis to develop
acoherenframawvork for scienceautonomythatsupportssci-
enceduringrover traverseandsuney. In thescenariove are
developing,theroveridenti es signi cant obsenationsfrom
initial datacollectionanddecidesvhetherto performfollow-
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up measurementsr insteadcontinuewith othertasks. Af-

ter collecting data, the rover canthen determinehow much
of its limited communicationdandwidthto devote to trans-
mitting eachdataproduct. Sciencedataunderstandinglso
allows theroverto corvey someimportantinformation(such
asstatisticalsummarie®f terrainfeaturesjn acompactorm
[12]. Achieving thesegoalsrequirestwo key functionalities:
theability to identify targetsof scienti ¢ signi canceandthe
capacityto planandmodify behaior basedn sciencenfor-
mation. This paperaddressethe rst property

Our initial researchasfocusedon analyzingrocksin desert
ervironments.Rockshave characteristicthatmake theman
informative testcasefor autonomouscience.They arerich
scienceargetsthat containusefulinformationacrossa wide
rangeof sensingmodes. Autonomousrock analysisis easy
to evaluatebecausehe targetsare discreteunits that have
measurabl@hysicalpropertiesandoccupy precisedocations.
Rocks are plentiful in terrestrialtest ervironmentsand di-
rectly relevant to remoteplanetarygeology Unfortunately
rocks—like mostfeatureof geologicaiinterest—aralif cult
to nd andclassifywith a priori designeknowledge.While
onewould like to identify featuresby specifyingtheir phys-
ical properties, eld conditionswith sensornoise, variable
lighting, and ambiguousgerrain make thesepropertiesdif -
cult to extract.

We believe a machinelearning approach—wherescience
targets are specied in terms of examples rather than
properties—will yield reliable detectionand classi cation
performanceThis papetbeginswith adetailedexplanationof
suchasystem.Thenwe discussts performancavith dataob-
tainedduringarover eld experimentin the AtacamaDesert
of Chile. Detectionperformanceés comparedothto ground
truthandto humanperformancenthesameamagesWe nd
a stratgly employing supervisedearningfor featuredetec-
tion andboth supervisedand unsupervisedearningfor fea-
ture classi cationto be effective for e xible andreliableon-
boarddataunderstanding.
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Figure 1. Procedurdor detectionandanalysisof sciencetargets. A belief network detectssciencetargetsout of candidates
segmentedrom theoriginalimage.Thensupervisedndautonomouslassi cationschemesateyorizethegeologicalfeatures.



2. Rock DETECTION AND CLASSIFICATION

Like mary of the terrainfeaturesgeologistsnd interesting,
rocks have no single distinguishingsignaturefor the stan-
dard sensorsavailableto explorer robots. Researcherbave
tackledthis dif cult patternrecognitionproblemwith awide
rangeof approachesOnestrategy usesstereomagesto nd
rocksbasedon their heightabove the groundplane[6]. This
depthinformationyields precisedetections—ary sufciently
tall objectis almostcertainly a rock. Unfortunatelystereo
often missessmall or distantobjects. A secondmethodre-
ducesrock detectionto the simplerproblemof nding shad-
ows. Giventherelative positionof the sunandthe camera,
shadavs suggesthe location of rocks[8]. A third stratey
detectsrocks directly in the image. This category includes
the intensity-basednethodof Cast#io et al that looks for
closedshapesat varying resolutionswith an edgedetector
[3]. TheNomadexplorerin Antarcticais anotherexample—
it usedcolor cuesto sgmentmeteoritegrom backgroundce
[11]. Finally, one cancompensatdor the shortcomingsof
ary oneapproachby usingseveral simultaneouslyGor et al
use stereofor detectinglarge rocks and image intensity to
detectsmallrocks[7]. Thesediversestratgiesrely on uni-
versalcharacteristicthatdistinguishthe scienceargetsfrom
their backgroundsHowever, unstructurecervironmentsand
uncertainsensordatamay demanddistinctionstoo subtleto
specifyin advance.Our intuitive notionof a“rock” describes
a rangeof obsenable phenomenahat individual attributes
fail to capture.Rockscanbe darker or lighter thanthe base
sediment.They canberoughor smooth,smallor large, pro-
trudingor embeddedh thesurface.Theinteractiondbetween
theseattributes—whichtogetherdistinguisha sciencetarget
from its background—ardif cult to capturea priori .

Giventhis dif culty we approachdetectiomotastheuncon-
strainedtaskof designinggeneraldetectorsor eachgeolog-
ical featurebut ratherasa traditional classi cation problem
to be solvedthroughsupervisedearningtechniques Exam-
pleschoserby anexpertteachthe scienceautonomysystem
attributerelationshipgoo subtleandspeci ¢ for ahumande-
signerto exploit. In our methodthe pre-labeledexamples
trainabelief network [9] thatconsiders probabilisticfusion
of information from stereo,shape,shading,color, and tex-

ture sources.The analysisof a sceneproceedghroughthree
steps(Figurel). The rst step,segmentationisolatespoten-
tial scienceaargetsfrom therover'sstreanof sensodata.The
secondstep,detection analyzeghesecandidatesvith a be-
lief network thatdistinguishegargetfrom non-tagetregions.
Theinputto the belief network is anattribute vectorthatcon-
tains color, texture, shapeand stereodisparity information.
The outputis a probability that eachregion is a sciencetar-

get.Finally thegeolagical classi cationstepclassi esthege-
ologicalfeaturesaccordingto their obsenableattributes[2],

[6].

Se@mentation

The segmentationstepprocessesensordatato identify ho-
mogeneousegionsin the rover's ervironmentcorrespond-
ing to possiblescienceargets.The segmentatiorstageis not
responsibleor detectingtargetsbut merely suggestsandi-
datestructuredor further classi cation. This separatiorbe-
tweenseggmentatioranddetectionpermitsthe scienceauton-
omy systento be quite permissie in the kinds of datait ac-
ceptsasinput. Any additionalcriteria, even from multiple
measuremersources¢canaddcandidateegionsfor consider
ation. Thedifferentsensorareprocessedeparatelyo yield
severalsegmentation®f thesamescendFigurel). A feature
whichis indistinguishabldrom the backgroundn onechan-
nel might be clearlyvisible in another;aslong asit is found
in at leastone sggmentatiorthe resultshouldbe recognized
laterin the detectionstage. This approachs similar to the
“symmetric” detectionschemeusedby Gor et al [7] in that
it builds multiple objectmapsfor eachimage. It is distinct,
however, in thatwe do notrequirethedifferentseggmentations
to be orthogonal—scienct¢argets may well appearin ses-
eral sggmentationsat once. Overlapsnot eliminatedby the
detectionstagearein practicefairly easyto resohe. More-
over, removing the orthogonalityconstrainincreaseshe de-
signers e xibility in choosingsegmentationalgorithmsand
ultimately helpsthe rover's chancesof nding eachterrain
feature.

Our rock sggmentation,detectionand classi cation system
beginswith colorimagesthatsegmentatiorsplitsinto homo-
geneougixel regions. First, eachcolor channefrom anim-

ageis preprocessetvith a simple Gaussiarblur operation.
A region-meging algorithmshatterghe original imageinto

agrid of 5 5 squaresanditeratively joins thembackinto

regions of uniform properties(Figure 2). Their minimum
5 b5 sizeis areasonableompromisebetweena desirefor

high resolutionsggmentationsandthe requirementhateach
squarebelargeenougho producemeaningfulstatisticsabout
its interior pixel values. At eachiterationwe calculatethe
meanpixel valuesof all regionsandmeige neighborsvhose
meandall within a certainthresholdof eachother This pro-
cessrepeatauntil no morememgesoccur Finally we exclude
regionswhosesizesfall outsidea givensizewindow. Theex-

perimentghatfollow usea permissie windon—everyregion

betweer20 and500pixelsis a potentialrock.

We will seein the next sectionhow rock classi cation ex-

ploits stereoinformation for later processingstages;stereo
disparity offers anotherpossiblesegmentationchannel. Al-

though segmentationof 3D datawas not implementedfor

thefollowing experimentsk-meansclusteringhasbeensuc-
cessfullyemployedto nd rock shapesn stereoimages[6].

Thesetechniquegyenerallyinvolve tting a groundplaneto

the pixelsandsegmentingtheresultingheightmap.



Figure 2. Segymentationof a sampleimagecontainingsev-
eralrocks.

Detection

Thedetectionstageidenti es scienceargetsfrom amongthe
segmentedregionsby extracting a real-valuedattribute vec-
tor from eachcandidateandlabelingit with a Bayesiarbelief
network [9]. For our applicationbelief networks offer sev-
eral advantagesover other classi er techniques.First, they
solve the problemof missingdatathatcanoccurwhenfusing
multiple sensorsvith varying elds of view. In thecaseof ab-
sentdata,suchasa stereamismatchor anundeplyedsensor
the network provides posteriorprobabilitiesthat are appro-
priatefor the availableinformation. Thusthereis no penalty
for training the network with time-consumingseldom-used
instrumentslike spectrometers. Another advantageto the
Bayesiampproachs thatthe explicit classi cationprobabil-
ities offer a principledway to tunethe precisionof the net-
work. Thisaccommodatethevariousperformancetandards
that different sciencetarget detectionapplicationsrequire.
For example,a rst passdetectormight usealenientproba-
bility thresholdo avoid missingary desirablesciencedargets.
After locatinga high-value candidatefor furtherinspection,
therover might deploy additionalsensor@ndverify its deci-

sionusinga stricterstandard By tuning a singlevalue—the
probability thresholdfor consideringa target— an operator
canelicit both high-precisiorandhigh-recallbehaiors from

asinglenetwork. A lastadvantageof belief networksis their

computationakf ciency relative to non-parametriclassi er

schemedik e k-nearest-neighbdd.].

For agivenattributevectorX = fXxi;Xz;:::Xn g, thenetwork
computeghe probability P (CjX ) thattheregion is of class
C. A naive Bayesapproachwhereall attributesare consid-
eredto beindependentyieldsthefollowing decomposition:

P(CjX) = P (C)P(x1jC)P(x2jC):::P(xn]C)

whereP (C) is theprior probabilityof theclassand isanor-
malizing constant.This formulationcorrespondso a simple
Bayesnetwork with arcsrunningfrom the classnodeto each
independenattribute. Althoughthe naive Bayesstratayy of-
ferstheadvantageof simplicity, its conditionalindependence
assumptionis violated whenthereare correlationsbetween
someof the candidatesattributes. Becauseof this our im-
plementatiorfavors a more fully-connectedBayesnetwork.
Theadditionalarcsin sucha network representelationships
of conditionaldependenc#o bere ected in the nal proba-
bility calculation.For example,if x; wereconditionedupon
thevalueof x»,

P(CjX) = P(C)P(x1JC;x2)P (x2jC):::P (xn]C)

Techniquesuchasbelief propagatiorcancalculatethis joint
probability even in caseswhere one or more attributes are
unknawn [9].

There are mary ways one might representhe conditional
probabilitydistributions. For therock detectiortaskwe quan-
tize eachattributeandusetablesto countthenumberof times
associatedaluesappear This is a non-parametricepresen-
tation, requiring moretraining datathana more constrained
parametricdistribution function [1]. Neverthelessthe tab-
ular distributions are more e xible and yield superiorper
formancefor the detectiontaskswe have tried. Smoothing
techniquesanalsobeusedto Il outtakular probability dis-
tributions; Parzendensityestimationfacilitatedautonomous
meteoriteclassi cationfor theNomadantarctiocexplorer[10].
In the next sectionwe describegeologicalclassi cationtech-
niqueswhich exploit the sameprobability relationshipsbut
use Gaussianprobability density functions that can be set
with farfewer examples.

We extractattributesfor eachregion from the interior pixels
andthe pixels immediatelysurroundingthe image. An ex-
ampleappearsn Figure 3 - notethattheregion's borderap-
pearssomavhataliasedbecausét is composedrom original
5 5pixel blocksmemgedduringseggmentation Theattribute
setextractedfrom eachimageregion containsthe following
measurements:

Perimeter: Theratio of theregion's squarecperimeterto its



pixel area.Non-rockartifactsoftenhave long, spideryshapes
while rockstendto be morecorvex andellipsoidal.

Relative Color: Theabsolutevalueof thedifferencein mean
pixel hue, saturation,and intensity betweenthe interior of
the region and the context region. Fisherdistance(which
weightsthe scoreaccordingto the varianceof eachsample)
performedbetterasadifferencemetricthanasimplecompar
isonof means.

Relative Color Variance: The absolutevalue of the differ-
encebetweenthe pixel varianceof the interior region and
the pixel varianceof the context region. This functionsas
a simplemeasureof texture, helpingto detectsituationslike
a smoothrock sitting in rough, high-variancegravel or a pit-
tedrock onasmoothbackground.

Height Above the Ground Plane: While small rocks are
generallybelov the noisethresholdfor our stereosystem,
heightis a valuableattributefor detectingargerocksandex-
cludinglargenon-rockregions.

Texture: We usea fractaldimensionmeasurd4] of abinary
intensitymapto describethe detail of eachregion asresolu-
tion is increased Theresultis an ef ciently-computedvalue
that correspondsomevhatto our intuitive notion of surface
roughnessLike color variance this helpsto detectrocksin

thosecasesvheretheir roughnesdliffers substantiallyfrom

thebackgroundsediment.

Intensity Gradient: Rocks are three-dimensionaprotru-
sionsthatexhibit shadingwhenilluminatedby sunlight. We
useleast-squareregressionto nd the magnitudeof the in-
tensity gradientover the pixel surfaceof eachregion in the
image,giving the overall strengthof its shading.

Physical Location: While not implementedin the current
eld test,futureversionswill includeanestimateof therock's
positionin theworld. A region'slocationshouldnotaffectits
classi cationasarock, but it shouldplayinto theautonomous
geologicalclassi cation—afamiliar looking rock canstill be
geologicallyinterestingf it is foundin anunexpectedplace.

Absolute Color: Another attribute that informs geologi-
cal classi cation. We exclude it from the attribute set for
rock/non-rockclassi cationin orderto maintaingenerality

Two additional attributes do not directly affect a region's

chance®f beinga sciencetargetor its geologicalclassi ca-

tion. Neverthelessweincludethemdueto their strongcondi-

tional dependenceelationshipawith the otherattributes. By

consideringhesedependenciethe Bayesnetwork computes
amoreaccurateposteriomprobability:

Absolute Range: Many of thedifferencedbetweerrocksand
non-rocksbecomdessapparentisrangeincreasestn partic-

ular, textureis moredif cult to seeevenwhentherearemary
pixelsrepresentinghe distantregion.

Pixel Ar ea: Therearevaryingdegreesof conditionaldepen-
dencebetweemmostobsenredattributesandtheregions' pixel

area.Thesedependenciearedueto theway regionsarerep-
resentedasa nite numberof pixel “samples. For exam-
ple, normalizedperimeteris generallysmall for regions of

small pixel areabecauseough bordershecomelessnotice-
able when the numberof pixels usedto describethem de-
creasesSimilarly, textureis hardto recognizewith few pixel

samples.

context pixels

candidate pixels

Figure 3. Attributesare extractedfrom the region andits
immediateneighborhood.

Thetopologiesof the networks usedby the rock detectorfor
detectionandgeologicalclassi cationappeaiin Figure4. In
thedetectionstepthe belief network usesthe attribute vector
to calculatethe probability of aregion's belongingto eachof

ve classesrocks,uniform patcheof soil, sky, shadevs cast
ontheground,anda nal “everythingelse”classfor regions
thatdo not t neatlyinto one of the other cateyories. The
“everythingelse” classcontainsambiguousandidatedike a
region comprisinga small part of a larger rock or one that
includesbotharock anda smallpatchof sedimentWhile we
constrainour systemto seeingustthese vekindsof objects
in theworld, onecould expandthe setto includeotherkinds
of geologicalfeatures.The numberandbreadthof classess
limited only by their degreeof separatiorin attribute space
andtheamountof trainingdataavailable.

Geolaical Classi cation

After the detectionstagediscoversa sciencetarget the two
geologicallassi cationmodulesclassifyit accordingo both
prede nedandsynthesizedateyories.Hereourclassi cation
methodis similar to theone rst suggestedby Castdio etal.
[2]. Prede nedgeologicaltypesarechoseratthe outsetby
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Figure 4. Bayesnetwork topologiesfor rock detectionandanalysis. Texture, color, shape shadingand stereodataare all
probabilisticallyrelatedto the candidateegion's class.The candidates rangeandpixel areado not dependnits classbut still
affecttheinterpretatiorof its otherattributes.



anexpert. Autonomouslassespntheotherhand,comefrom
anunsupervisedlusteringalgorithmthatrunswheneer the
rover collectsnew data. Multiple classi cationsgive opera-
torsarich paletteof optionsfor de ning therover'sbehaior.
For instance they could instructthe rover to focusonly on
novel outliersthathave a low probability of beinggenerated
by ary autonomousluster Thisway therovercould nd the
mostinterestingsciencdargetsin areaghatoperatordiadnot
yet seen. Alternatively, operatorscould instructthe rover to
examinea single representatie exampleof eachgeological
typethatit sees.A third alternatve would be to searchonly
for aspeci c prede nedgeologicaltypeandto ignoreevery-
thing else. Operatorscanchoosethe mix of thesebehaiors
thatis mostappropriatdor therover's mission.

Geologicalclassi cationdiffersin severalwaysfrom theini-
tial detectionstep discussedabove. One differenceis the
input attribute vector—becausegeologicalclassi cation is
only interestedn propertiesof the sciencetargetitself, rel-
ative measureof the region's propertiesversusits back-
groundareignored. Anotherdifferenceis the representation
of the conditionalprobability densitiesgeologicalclassi ca-
tion modelsclassesitilize Gaussiamprobabilitydensityfunc-
tions. This permitsthe useof the EM algorithm[5] to nd
ef cient maximum-likelihood estimatesduring autonomous
clustering.Moreover, GaussiarP DFsaremoreeffective with
sparsetraining data. They allow both the rover and remote
expertsto createa geologicalclasswith justafew examples.

We usea cross-alidationprocedurgo choosethe bestnum-
ber of autonomougyeologicalclassesthat explain a given
datasetBefore eld operationsageologistestimateshe ap-
propriatenumberof clustersi in termsof its own separate
probability density P(M; (X)), whereM;(X) is a model
that ts alist of obsenedtargetsX to i distinctclasses.If
only ahandfulof geologicalklassesareinterestingthis prob-
ability density might favor low single-digit valuesof clus-
ters. If thereare mary different classesof interestor the
operatorwishesthe rover to malke ne distinctionsbetween
autonomouglassesthe expectednumberof clusterscould
be muchhigher During a traverse,the rover dividesits set
of obsenationsinto a trainingsetT anda validationsetV.
Thenit performsexpectation-maximizatioclusteringon the
traininghalf usingvariousnumbersf clustersyielding mod-
elsM1(T); M2(T);:::M,(T). The prior probability of each
numberof clusters,togethemwith the likelihood of the vali-
dationhalf giventhatmodel,describeshe comparatie prob-
abilitiesthateachnumberof clustersgeneratedhe obsened
data.
P(Mi(X)) = P(M))P(ViMi(T))

After calculatingthe bestnumberof clusters,the algorithm
clustersthe dataonelasttime andre-labelsary previously-
obsenred rocks accordingto their new class membership
probabilities.Thereexist othernon-probabilistianethodsor
classi cationandclustering but theexplicit uncertaintyin the
classi cationcanbe usedto helpthe scientistscalibratetheir

relianceon the resultsor to inform onboardplanners.More-
over, low probabilitydensitiesndicatetheinterestingoutliers
thathavelittle in commonwith otherobsenations.

3. EXPERIMENTAL METHOD

In this sectionwe examinea eld testperformedin the At-
acamadesertin Chile. The Atacamais a commonplacefor
testingexplorationrobotshecausef its resemblance Mars.
In particular its centralarid region is practically devoid of
macroscopidife. Thesefactorsmake it anappropriateplace
to evaluatethe rock detectionsystem. The following exper
iment was designedo testthe utility of the describedrock
detectionstrateyy in the uncertainlighting andterraincondi-
tionsfoundin the eld. In particularwe hopedto evaluatethe
rock detectoragainsta humans own identi cations giventhe
samemagedata.

Therover platformis “Zo&; anexplorationrobothbuilt atthe
Carngyie Mellon RoboticslInstitute (Figure5). Zog is a so-
lar poweredrobot developedfor long-durationautonomous
traverse. The sensorutilized for the experimentwas a 30
centimetebaselinestereopair of CCD camerasnountedon
pan-tilt actuatorat 2 metersheight. Thesecamerasaptured
1280 960full colorimages.Their21:1 159 eld of view
providesan angularresolutionsimilar to the humaneye and
the Pancamausedin the Mars ExplorationRover missions.

Figure5. Zoéin the AtacamaDesertof Chile.

A hill stravn with rocksof varioussizeswaschoserfor the
test. Datacollectionoccurredat two locations:a training set
capturedat the baseof the hill anda testsetcapturedat its
peak. At eachsite the rover usedits sterecimagingsuiteto
capturepartialpanoramasomprisingl80degreesof azimuth
and40 degreesof elevation. The segmentationoutputsfrom
the rst panoramavere labeledmanuallyandusedto train
theregion classi er. Then,the fully-trained classi cational-
gorithmdetectedocksin thesecondranorama.

The detectionprocedurefor a typical testimageappearsn



Figure 1. This scenecontainsrocks of varioussizes,albe-
dos andtextures. Someof the smallestsgmentedregions
are ignoredbecausehey fall underneattthe minimum size
thresholdfor our analysis.The detectionstageprocessethe
remainingregionsandclassi essomeof themasrocks.

We evaluatedtheseautonomousietectionsagainstthe loca-
tions of realrocksin theimageset. Becausenanuallyiden-
tifying every rock would be infeasibleand errorprone,we
labeledarandomsampleof 50 rocksfrom eachimage. Soft-
warefor manuakock selectiordisplayedeachtestimageand
promptedthe userwith arandomlocationin the scene.The
userwould draw a boundingbox aroundthe true rock clos-
estto therandompromptpoint. This de ned notjustthereal
scienceargetsbut also“no-rock regions; circularareascen-
teredon the promptpointwithin whichtherewereno science
targets (Figure 6). Thus the labeling operationresultedin
rock, no-rock, and uncodedareas. In accordancewith our
detectors sizewindow, we restrictedthe our de nition of a
rock to thosethathada shortaxislongerthan20 pixels. Not
only arethe smallestrocks lessinformative sciencetargets,
but they areoftenambiguousevento ahumanobsenrer.

manually drawn bounding box

other rock

non rock area

other rock
prompt point

Figure 6. Methodfor codingtestimages.

We emplogyed two different evaluation methodsto test dif-
ferentaspectof the autonomougletection(Figure 7). The
rst methodevaluateshe detectors performanceat locating
rocksin thesceneanability thatfacilitatestaskslik e targeted
sensordeployment, rock distribution analysisand selectve
datareturn. To calculatethis performancescorewe checled
that the centerof eachdetectedboundingbox intersectech
manually-dravn truerock region. If thecenterfell within the
boundingbox of a true rock that was not yet accountedor
the detectionwas a true positive. We labeledregions with
centersfalling in non-rockregionsfalse positives, and dis-
cardedregions whose centersfell outsidecodedareas. A
stricter evaluationmethodtestedthe detectors performance
at localizing the exact outline of the targets. This ability is

importantfor attribute extraction and geologicalclassi ca-

tion. Herewe checledthe boundingboxesof autonomously-
detectedegionsagainsthe manually-dravn boundingboxes

by consideringthe ratio of their intersectionto their union.

An intersectionareathat comprised50% of the union area
wassufcient to considerthe detectedegion well-localized

(Figure7).

detected target

actual rock

N

50% Total Area

feature finding feature localization

Figure7. Lenientandstrictevaluationstrateies.

The 30 imagesin the test settogethercontaineda total of
1078codedrocksthatvariedin size,color, range andillumi-
nation.We evaluatedhe detectoontheentiretestset(which
containedmageregionsover20 20 pixelsin size)andthe
subsetcontainingonly large features(regionsover 75 75
pixelsin size,of which therewere68 in the dataset). Figure
8 shawstypical near andfar- eld imageswith templateghat
illustratethesesizes.

4. RESULTS

Figures9—12illustratethedetectorsperformancenthetest
data.Varyingtheprior probabilityfor the“rock” classresults
in differentperformancecharacteristics Precision thefrac-

tion of detectedargetsin codedregionsthatcorrespondo ac-

tualrocks,isin generainverselyrelatedto recall, thefraction

of actualtargetsthatarefound. Figure9 illustratesdetection
precisionfor varying choicesof the classprior. As the prior

probability increasesa greaternumberof uncertainregions
areclassedasscienceargetsandprecisiondrops. Figure 10

shows therecallratefor eachprior probability. Notethatthe

detectornever found all of the sciencetargets, even for the

casewherethe prior wassetto 1. Thereasorfor this is that

the evaluationmeasuresot simply region classi cation but

ratherthe overall systems ability to nd andrecognizeocks
in theoriginalimages A rockthatdoesnotappeain thesey-

mentationstagehasno chanceof beingclassi ed later Fig-

ure 11 illustratesthe superiorrecall performancdor science
targetsover 75 pixelsin size. Precisionwasalsoimproved

for largeregions;in every mediancasel00%of the detected
regionscorrespondetb realrocks.
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Figure 8. Typicalnear andfar- eld imagesfrom thetestdataset.



Finally, Figure 12 illustratesthe fraction of detectedargets
thatwerewell-localizedgivendifferentchoicesfor the prior.

While we did notattempta quantitatve evaluationof geolog-
ical classi cation, both supervisedand autonomousglassi -

cationshaved reasonableesultsfor the testedimages. The
exampleof Figurel shavs a supervisedtlassi cationbased
on albedo. Three prede ned catgyorieswere generatedy

groupingrocksof like albedosrom a differentimage. Then
theclassi er appliedtheseuserde ned cateyoriesto classify
the rocksin the testcase. Representaie samplesof each
classareshown in the diagram. Note that high-, medium-,
andlow-albedorocksareaccuratelyclassi ed. Curiously the
autonomougjeologicalclassi cationclustershetestsetinto

similar categories.We believe this is dueto thelimitations of

the attribute setusedfor geologicalclassi cation. Therewas
little color or texture datain the testscenesthis resultedin

classi cationsthatfavoredsizeandalbedocharacteristics.
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Figure 9. Detectionprecision—thdraction of detectedar
getscorrespondingp actualrocks. Medianratesappearlong
with boxesillustrating the extent of secondandthird quar
tiles. Notchesin theboxesshav intervals of 95%con dence
for themedian.

5. CONCLUSIONS

This experimentconstitutesa preliminary test of the pre-
sentedalgorithmsfor automaticdetectionand classi cation
of geologicalfeaturesof interest. A comprehensie evalua-
tionwill involvealargerdatasetrepresentingliversegeolog-
ical regions.Neverthelessthis rst testis sufcient to suggest
someinitial conclusions.It reinforcesthe notion that while
detectionandlocalizationperformancererelatedit is possi-
ble to getthe formerwithout thelatter The evaluatedsystem
detectsrocks well, makingit a suitablecandidatefor tasks
like locatingsciencetargetsand pointing instruments.How-
ever, poorlocalizationperformancesuggestshatits geologi-
calclassi cationswill containsomeinaccurag. Theseclassi-
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Figure 10. Detectionrecall—the fraction of manually-

labeledrocksthatwerefound by the detectioralgorithm.
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Figure 11. Detectionrecallfor the subsebf sciencetamgets
thatwereover 75 pixelsin size.

cations might still be usefulfor recognizingoutliersor per
forming generalrepresentatie sampling,but precisesmall-
scalemapsof rock distributionswould requireimprovements
in the sggmentatiorportionof the algorithm.

Both detectionand localization performancevary with re-
spectto the pixel size of the region underconsideration As
a result, small rocks are noticeablymore dif cult to detect
andclassifythanlarge ones.Accurag alsodropsfor regions
in theextremefar- eld. This suggest®necouldgaina sub-
stantialaccurag boostby consideringonly the sciencetar
getsabove a certainpixel size. It alsoimplies that active
perceptionmay play an importantrole in detectingscience
targets.After locatinga possibletarget,therover couldzoom
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Figure 12 Localization performance—thefraction of
accurately-detectestienceargetsthat meetthe localization
criteriaof Figure?.

in a cameratarget a spectrometeor try someother means
of gatheringmoreinformationandincreasingletectioraccu-

ragy.

We believe the “detection as classi cation” stratgy holds

unique advantagedor nding sciencetargets. It candraw

on multiple sggmentatiormethodsandfuseinformationfrom

multiple sensorswhen available. It can adaptto different
terrainby exploiting attribute relationshipsspeci ¢ to a new

trainingset. Finally, it expresse#ts nal decisionthroughan

explicit probability value. While there are predictablesce-
nariosfor which this exampleperformssuboptimally results
suggesthatthe methodasa wholeis soundandthatperfor

mancewill improveasre nementsaremadeto its component
parts. Neverthelesst is unlikely in the nearterm that this

—or ary otherdetectiontechnique—wuld approachl00%
recall for all sciencetargetsof interest. Thus, quantitatve

evaluaitonwill remainanimportantaspecibf future science
autonomyresearchThroughregularevaluationwe cantrack
progresswhile maintainingreasonablexpectationsfor the

systems eld performance.

There are several avenuesfor further improvementin the
example systempresentechere. Accuratesegmentationof
stereadisparitydatais oneobviousway to improve localiza-
tion accurag. Anotherimportantadvancewill be theinclu-
sionof othersciencetargetsinto the detectiomandclassi ca-
tion scheme.While this paperfocusessolely on rocks, the
systemitself shouldgeneralizeo otherfeaturesof scienti ¢
interestlik e soil patchesgravel beds,andsaltdeposits.This
shouldbeveri ed experimentally Similarly, the attribute set
for geologicalclassi cation shouldbe expandedto include
more sophisticatedneasure®f angularityand texture. Fi-
nally we hopeto integratethe scienceautonomysystemdis-

cussedin this paperwith a plannerthat will usethis data
to plan experimentsandcommandhe rover. Togetherthese
modulesvould constituteacomprehensie scienceautonomy
systemthat not only detectdik ely targetsbut alsoplansap-
propriateexperiments‘on the y.” Sucha systemwill be
importantto exploit the extendedraverserangeof future ex-

plorationrobots.

6. ACKNOWLEDGMENTS

We thankthosewho assistedn datacollectionduringthe At-

acamaeld experiment: Michael Wagner Dominic Jonak,
ChrisWilliams, andAllan Liiders.Many thanksarealsodue
for theaid andexpertiseof Kim Warren-RhodeandNathalie
Cabrol. This researctwassupportedby NASA undergrants
NNGO0-4GB66Gand NAG5-12890with programexecutive
MichaelMeyer.

REFERENCES

[1] C.M. Bishop,Neuml Networksfor PatternRecanition
(Oxford: Oxford U. P), 1995.

[2] R. Castéio, R. C. Anderson,T. Estlin, D. DeCoste F.
Fisher D. Gaines,D. Mazzoni,and M. Judd, “Rover
Traverse Sciencefor IncreasedMission ScienceRe-
turn;” Proceedingsof the IEEE AerospaceConf, Big
Sky, Montana,2003.

[3] A. Castdio, R. C. AndersonR. Castdio, T. Estlin,and
M. Judd,“Intensity-basedock detectionfor acquiring
onboardrover science, Lunar and Planetary Science
35,2004.

[4] B. B. ChaudhuriN. Sarkar “Texture sggmentationus-
ing fractal dimensior?, IEEE Transactionson Pattern
Analysisand Machine Intelligence 2:1, 72—77, Jan-
uary1995.

[51 A. P DempsterN. M. Laird, D. B. Rubin, “Maximum
likelihoodfrom incompletedatavia the EM algorithm?
Journal of the RoyalStatisticalSociety B, 39, 1-38.

[6] J. Fox, R. Castdéo, R. C. Anderson, “Onboard au-
tonomousrock shapeanalysisfor Mars rovers;, Pro-
ceedingsof the IEEE AerospaceConf, Big Sky, Mon-
tana,2002.

[7] V. Gor, R. Castdio, R. Manduchi,R. C. Andersonand
E. Mjolsness,'Autonomougockdetectiorfor Marster
rain; Proceedingof AIAA Space2001, Albuquerque,
August2000.

[8] V. C. Gulick, R. L. Morris, M. A. Ruzon,andT. L.
Roush,“Autonomousimage analysisduring the 1999
Marsrokhodrover eld test; J. GeophysicaReseath,
106,No. E4,7745-77642001.

[9] J.Pearl,Probabilisticreasoningn intelligent systems:
networksof plausibleinference(SanFranciscoMorgan
Kaufmann),1988.






