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Abstract—Thevolumeof datathatplanetaryroversandtheir
instrumentpayloadscan producewill continueto outpace
availabledeepspacecommunicationbandwidth. Futureex-
plorationroverswill requirescienceautonomysystemsthat
interpretcollecteddatain order to selectively compressob-
servations,summarizeresults,andrespondto new discover-
ies. We presenta methodthat usesa probabilisticfusion of
datafrom multiple sensorsourcesfor onboardsegmentation,
detectionand classi�cation of geologicalproperties. Field
experimentsperformedin theAtacamadesertin Chile show
thesystem's performanceversusgroundtruth on thespeci�c
problemof automaticrock identi�cation.
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1. INTRODUCTION

“Scienceautonomy” broadly describesa robotic vehicle's
ability to analyzethescienti�c contentof its observationsand
usethis informationto take intelligentactions.This onboard
sciencedataunderstandingis importantfor ef�cient alloca-
tion of a rover's time andbandwidthresources.Advancesin
rover navigationareincreasingtraverserangeat a ratemuch
fasterthan the increasein communicationsbandwidth[2].
Thus,muchof the terrain the rover observeson a long tra-
versemight never be examinedby scientists.Onboarddata
understandingensuresthat the rover reportsthe most inter-
estingandvaluabledata.Ourresearchobjectiveis to develop
acoherentframework for scienceautonomythatsupportssci-
enceduringrover traverseandsurvey. In thescenariowe are
developing,therover identi�es signi�cant observationsfrom
initial datacollectionanddecideswhetherto performfollow-
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up measurementsor insteadcontinuewith other tasks. Af-
ter collectingdata,the rover canthendeterminehow much
of its limited communicationsbandwidthto devote to trans-
mitting eachdataproduct. Sciencedataunderstandingalso
allows therover to convey someimportantinformation(such
asstatisticalsummariesof terrainfeatures)in acompactform
[12]. Achieving thesegoalsrequirestwo key functionalities:
theability to identify targetsof scienti�c signi�canceandthe
capacityto planandmodify behavior basedonscienceinfor-
mation.Thispaperaddressesthe�rst property.

Our initial researchhasfocusedon analyzingrocksin desert
environments.Rockshave characteristicsthatmake theman
informative testcasefor autonomousscience.They arerich
sciencetargetsthatcontainusefulinformationacrossa wide
rangeof sensingmodes.Autonomousrock analysisis easy
to evaluatebecausethe targetsare discreteunits that have
measurablephysicalpropertiesandoccupy preciselocations.
Rocksare plentiful in terrestrialtest environmentsand di-
rectly relevant to remoteplanetarygeology. Unfortunately,
rocks—likemostfeaturesof geologicalinterest—aredif�cult
to �nd andclassifywith a priori designerknowledge.While
onewould like to identify featuresby specifyingtheir phys-
ical properties,�eld conditionswith sensornoise, variable
lighting, andambiguousterrainmake thesepropertiesdif�-
cult to extract.

We believe a machinelearning approach—wherescience
targets are speci�ed in terms of examples rather than
properties—will yield reliable detectionand classi�cation
performance.Thispaperbeginswith adetailedexplanationof
suchasystem.Thenwediscussits performancewith dataob-
tainedduringa rover �eld experimentin theAtacamaDesert
of Chile. Detectionperformanceis comparedbothto ground
truthandto humanperformanceonthesameimages.We�nd
a strategy employing supervisedlearningfor featuredetec-
tion andboth supervisedandunsupervisedlearningfor fea-
tureclassi�cationto beeffective for �e xible andreliableon-
boarddataunderstanding.



Figure 1. Procedurefor detectionandanalysisof sciencetargets.A belief network detectssciencetargetsout of candidates
segmentedfrom theoriginal image.Thensupervisedandautonomousclassi�cationschemescategorizethegeologicalfeatures.



2. ROCK DETECTION AND CLASSIFICATION

Like many of the terrainfeaturesgeologists�nd interesting,
rocks have no single distinguishingsignaturefor the stan-
dardsensorsavailableto explorer robots. Researchershave
tackledthis dif�cult patternrecognitionproblemwith a wide
rangeof approaches.Onestrategy usesstereoimagesto �nd
rocksbasedon their heightabove thegroundplane[6]. This
depthinformationyieldsprecisedetections—any suf�ciently
tall object is almostcertainly a rock. Unfortunatelystereo
often missessmall or distantobjects. A secondmethodre-
ducesrock detectionto thesimplerproblemof �nding shad-
ows. Given the relative positionof the sunandthe camera,
shadows suggestthe locationof rocks [8]. A third strategy
detectsrocksdirectly in the image. This category includes
the intensity-basedmethodof Castãno et al that looks for
closedshapesat varying resolutionswith an edgedetector
[3]. TheNomadexplorerin Antarcticais anotherexample—
it usedcolorcuesto segmentmeteoritesfrom backgroundice
[11]. Finally, onecan compensatefor the shortcomingsof
any oneapproachby usingseveralsimultaneously;Gor et al
usestereofor detectinglarge rocks and imageintensity to
detectsmall rocks[7]. Thesediversestrategiesrely on uni-
versalcharacteristicsthatdistinguishthesciencetargetsfrom
their backgrounds.However, unstructuredenvironmentsand
uncertainsensordatamay demanddistinctionstoo subtleto
specifyin advance.Our intuitivenotionof a“rock” describes
a rangeof observable phenomenathat individual attributes
fail to capture.Rockscanbe darker or lighter thanthebase
sediment.They canberoughor smooth,smallor large,pro-
trudingor embeddedin thesurface.Theinteractionsbetween
theseattributes—whichtogetherdistinguisha sciencetarget
from its background—aredif�cult to capturea priori .

Giventhis dif�culty we approachdetectionnot astheuncon-
strainedtaskof designinggeneraldetectorsfor eachgeolog-
ical featurebut ratherasa traditionalclassi�cationproblem
to besolvedthroughsupervisedlearningtechniques.Exam-
pleschosenby anexpert teachthescienceautonomysystem
attributerelationshipstoosubtleandspeci�c for ahumande-
signer to exploit. In our methodthe pre-labeledexamples
trainabelief network [9] thatconsidersaprobabilisticfusion
of information from stereo,shape,shading,color, and tex-
turesources.Theanalysisof a sceneproceedsthroughthree
steps(Figure1). The�rst step,segmentation, isolatespoten-
tial sciencetargetsfrom therover'sstreamof sensordata.The
secondstep,detection, analyzesthesecandidateswith a be-
lief network thatdistinguishestargetfrom non-targetregions.
Theinput to thebeliefnetwork is anattributevectorthatcon-
tainscolor, texture, shapeandstereodisparity information.
The output is a probability that eachregion is a sciencetar-
get.Finally thegeologicalclassi�cationstepclassi�esthege-
ological featuresaccordingto their observableattributes[2],
[6].

Segmentation

The segmentationstepprocessessensordatato identify ho-
mogeneousregions in the rover's environmentcorrespond-
ing to possiblesciencetargets.Thesegmentationstageis not
responsiblefor detectingtargetsbut merelysuggestscandi-
datestructuresfor furtherclassi�cation. This separationbe-
tweensegmentationanddetectionpermitsthescienceauton-
omy systemto bequitepermissive in thekindsof datait ac-
ceptsas input. Any additionalcriteria, even from multiple
measurementsources,canaddcandidateregionsfor consider-
ation. Thedifferentsensorsareprocessedseparatelyto yield
severalsegmentationsof thesamescene(Figure1). A feature
which is indistinguishablefrom thebackgroundin onechan-
nel might beclearlyvisible in another;aslong asit is found
in at leastonesegmentationthe resultshouldbe recognized
later in the detectionstage. This approachis similar to the
“symmetric” detectionschemeusedby Gor et al [7] in that
it builds multiple objectmapsfor eachimage. It is distinct,
however, in thatwedonotrequirethedifferentsegmentations
to be orthogonal—sciencetargetsmay well appearin sev-
eral segmentationsat once. Overlapsnot eliminatedby the
detectionstagearein practicefairly easyto resolve. More-
over, removing theorthogonalityconstraintincreasesthede-
signer's �e xibility in choosingsegmentationalgorithmsand
ultimately helpsthe rover's chancesof �nding eachterrain
feature.

Our rock segmentation,detectionand classi�cation system
beginswith color imagesthatsegmentationsplitsinto homo-
geneouspixel regions.First, eachcolor channelfrom anim-
ageis preprocessedwith a simple Gaussianblur operation.
A region-merging algorithmshatterstheoriginal imageinto
a grid of 5 � 5 squaresanditeratively joins thembackinto
regions of uniform properties(Figure 2). Their minimum
5 � 5 sizeis a reasonablecompromisebetweena desirefor
high resolutionsegmentationsandtherequirementthateach
squarebelargeenoughto producemeaningfulstatisticsabout
its interior pixel values. At eachiterationwe calculatethe
meanpixel valuesof all regionsandmergeneighborswhose
meansfall within a certainthresholdof eachother. This pro-
cessrepeatsuntil no moremergesoccur. Finally we exclude
regionswhosesizesfall outsideagivensizewindow. Theex-
perimentsthatfollow useapermissivewindow—everyregion
between20and500pixelsis a potentialrock.

We will seein the next sectionhow rock classi�cation ex-
ploits stereoinformation for later processingstages;stereo
disparityoffers anotherpossiblesegmentationchannel. Al-
though segmentationof 3D data was not implementedfor
thefollowing experiments,k-meansclusteringhasbeensuc-
cessfullyemployedto �nd rock shapesin stereoimages[6].
Thesetechniquesgenerallyinvolve �tting a groundplaneto
thepixelsandsegmentingtheresultingheightmap.



Figure 2. Segmentationof a sampleimagecontainingsev-
eralrocks.

Detection

Thedetectionstageidenti�es sciencetargetsfrom amongthe
segmentedregionsby extractinga real-valuedattribute vec-
tor from eachcandidateandlabelingit with aBayesianbelief
network [9]. For our applicationbelief networks offer sev-
eral advantagesover otherclassi�er techniques.First, they
solve theproblemof missingdatathatcanoccurwhenfusing
multiplesensorswith varying�elds of view. In thecaseof ab-
sentdata,suchasastereomismatchor anundeployedsensor,
the network providesposteriorprobabilitiesthat are appro-
priatefor theavailableinformation.Thusthereis no penalty
for training the network with time-consuming,seldom-used
instrumentslike spectrometers.Another advantageto the
Bayesianapproachis thattheexplicit classi�cationprobabil-
ities offer a principledway to tunethe precisionof the net-
work. Thisaccommodatesthevariousperformancestandards
that different sciencetarget detectionapplicationsrequire.
For example,a �rst passdetectormight usea lenientproba-
bility thresholdto avoid missingany desirablesciencetargets.
After locatinga high-valuecandidatefor further inspection,
therovermight deploy additionalsensorsandverify its deci-

sionusinga stricterstandard.By tuninga singlevalue—the
probability thresholdfor consideringa target – an operator
canelicit bothhigh-precisionandhigh-recallbehaviors from
a singlenetwork. A lastadvantageof belief networksis their
computationalef�ciency relative to non-parametricclassi�er
schemeslikek-nearest-neighbor[1].

For agivenattributevectorX = f x1; x2; :::xn g, thenetwork
computestheprobabilityP(CjX ) that the region is of class
C. A naive Bayesapproach,whereall attributesareconsid-
eredto beindependent,yieldsthefollowing decomposition:

P(CjX ) = �P (C)P(x1 jC)P(x2 jC):::P(xn jC)

whereP(C) is theprior probabilityof theclassand� isanor-
malizingconstant.This formulationcorrespondsto a simple
Bayesnetwork with arcsrunningfrom theclassnodeto each
independentattribute. Althoughthenaive Bayesstrategy of-
ferstheadvantageof simplicity, its conditionalindependence
assumptionis violatedwhen therearecorrelationsbetween
someof the candidates'attributes. Becauseof this our im-
plementationfavors a morefully-connectedBayesnetwork.
Theadditionalarcsin sucha network representrelationships
of conditionaldependenceto be re�ected in the �nal proba-
bility calculation.For example,if x1 wereconditionedupon
thevalueof x2,

P(CjX ) = P(C)P(x1 jC; x2)P(x2 jC):::P(xn jC)

Techniquessuchasbeliefpropagationcancalculatethis joint
probability even in caseswhereone or more attributesare
unknown [9].

There are many ways one might representthe conditional
probabilitydistributions.For therockdetectiontaskwequan-
tizeeachattributeandusetablesto countthenumberof times
associatedvaluesappear. This is a non-parametricrepresen-
tation, requiringmoretrainingdatathana moreconstrained
parametricdistribution function [1]. Nevertheless,the tab-
ular distributions are more �e xible and yield superiorper-
formancefor the detectiontaskswe have tried. Smoothing
techniquescanalsobeusedto �ll out tabularprobabilitydis-
tributions;Parzendensityestimationfacilitatedautonomous
meteoriteclassi�cationfor theNomadantarcticexplorer[10].
In thenext sectionwedescribegeologicalclassi�cationtech-
niqueswhich exploit the sameprobability relationshipsbut
use Gaussianprobability density functions that can be set
with far fewerexamples.

We extractattributesfor eachregion from the interior pixels
and the pixels immediatelysurroundingthe image. An ex-
ampleappearsin Figure3 - notethat theregion's borderap-
pearssomewhataliasedbecauseit is composedfrom original
5� 5 pixel blocksmergedduringsegmentation.Theattribute
setextractedfrom eachimageregion containsthe following
measurements:

Perimeter: Theratio of theregion'ssquaredperimeterto its



pixel area.Non-rockartifactsoftenhavelong,spideryshapes
while rockstendto bemoreconvex andellipsoidal.

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

Relative Color Variance: The absolutevalueof 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-
tedrockona smoothbackground.

Height Above the Ground Plane: While small rocks are
generallybelow the noise thresholdfor our stereosystem,
heightis avaluableattributefor detectinglargerocksandex-
cludinglargenon-rockregions.

Texture: We usea fractaldimensionmeasure[4] of a binary
intensitymapto describethedetailof eachregion asresolu-
tion is increased.Theresultis anef�ciently-computedvalue
thatcorrespondssomewhat to our intuitive notionof surface
roughness.Like color variance,this helpsto detectrocksin
thosecaseswheretheir roughnessdifferssubstantiallyfrom
thebackgroundsediment.

Intensity Gradient: Rocks are three-dimensionalprotru-
sionsthatexhibit shadingwhenilluminatedby sunlight. We
useleast-squaresregressionto �nd the magnitudeof the in-
tensitygradientover the pixel surfaceof eachregion in the
image,giving theoverallstrengthof its shading.

Physical Location: While not implementedin the current
�eld test,futureversionswill includeanestimateof therock's
positionin theworld. A region'slocationshouldnotaffect its
classi�cationasarock,but it shouldplayinto theautonomous
geologicalclassi�cation—afamiliar looking rock canstill be
geologicallyinterestingif 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
chancesof beinga sciencetargetor its geologicalclassi�ca-
tion. Nevertheless,weincludethemdueto theirstrongcondi-
tional dependencerelationshipswith theotherattributes.By
consideringthesedependenciestheBayesnetwork computes
a moreaccurateposteriorprobability:

AbsoluteRange:Many of thedifferencesbetweenrocksand
non-rocksbecomelessapparentasrangeincreases.In partic-

ular, textureis moredif�cult to seeevenwhentherearemany
pixelsrepresentingthedistantregion.

Pixel Ar ea: Therearevaryingdegreesof conditionaldepen-
dencebetweenmostobservedattributesandtheregions'pixel
area.Thesedependenciesaredueto theway regionsarerep-
resentedas a �nite numberof pixel “samples.” For exam-
ple, normalizedperimeteris generallysmall for regions of
small pixel areabecauseroughbordersbecomelessnotice-
able when the numberof pixels usedto describethem de-
creases.Similarly, textureis hardto recognizewith few pixel
samples.

Figure 3. Attributesareextractedfrom the region and its
immediateneighborhood.

Thetopologiesof thenetworksusedby therock detectorfor
detectionandgeologicalclassi�cationappearin Figure4. In
thedetectionstepthebelief network usestheattributevector
to calculatetheprobabilityof a region'sbelongingto eachof
� veclasses:rocks,uniformpatchesof soil, sky, shadowscast
on theground,anda �nal “everythingelse”classfor regions
that do not �t neatly into oneof the other categories. The
“everythingelse”classcontainsambiguouscandidateslike a
region comprisinga small part of a larger rock or one that
includesbotharockandasmallpatchof sediment.While we
constrainoursystemto seeingjust these� vekindsof objects
in theworld, onecouldexpandthesetto includeotherkinds
of geologicalfeatures.Thenumberandbreadthof classesis
limited only by their degreeof separationin attribute space
andtheamountof trainingdataavailable.

Geological Classi�cation

After the detectionstagediscoversa sciencetarget the two
geologicalclassi�cationmodulesclassifyit accordingto both
prede�nedandsynthesizedcategories.Hereourclassi�cation
methodis similar to theone�rst suggestedby Castãno et al.
[2]. Prede�nedgeologicaltypesarechosenat theoutsetby
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anexpert.Autonomousclasses,ontheotherhand,comefrom
anunsupervisedclusteringalgorithmthat runswhenever the
rover collectsnew data. Multiple classi�cationsgive opera-
torsa rich paletteof optionsfor de�ning therover'sbehavior.
For instance,they could instruct the rover to focusonly on
novel outliersthathave a low probabilityof beinggenerated
by any autonomouscluster. Thisway therovercould�nd the
mostinterestingsciencetargetsin areasthatoperatorshadnot
yet seen.Alternatively, operatorscould instructthe rover to
examinea single representative exampleof eachgeological
typethat it sees.A third alternative would beto searchonly
for a speci�c prede�nedgeologicaltypeandto ignoreevery-
thing else. Operatorscanchoosethemix of thesebehaviors
thatis mostappropriatefor therover'smission.

Geologicalclassi�cationdiffersin severalwaysfrom theini-
tial detectionstep discussedabove. One differenceis the
input attribute vector—becausegeologicalclassi�cation is
only interestedin propertiesof the sciencetarget itself, rel-
ative measuresof the region's propertiesversusits back-
groundareignored.Anotherdifferenceis the representation
of theconditionalprobabilitydensities;geologicalclassi�ca-
tion modelsclassesutilize Gaussianprobabilitydensityfunc-
tions. This permitsthe useof the EM algorithm[5] to �nd
ef�cient maximum-likelihoodestimatesduring autonomous
clustering.Moreover, GaussianPDFsaremoreeffectivewith
sparsetraining data. They allow both the rover andremote
expertsto createageologicalclasswith just a few examples.

We usea cross-validationprocedureto choosethebestnum-
ber of autonomousgeologicalclassesthat explain a given
dataset.Before�eld operations,a geologistestimatestheap-
propriatenumberof clustersi in termsof its own separate
probability density, P(M i (X )) , where M i (X ) is a model
that �ts a list of observed targetsX to i distinct classes.If
only ahandfulof geologicalclassesareinteresting,thisprob-
ability densitymight favor low single-digit valuesof clus-
ters. If there are many different classesof interestor the
operatorwishesthe rover to make �ne distinctionsbetween
autonomousclasses,the expectednumberof clusterscould
be muchhigher. During a traverse,the rover divides its set
of observationsinto a training setT anda validationsetV .
Thenit performsexpectation-maximizationclusteringon the
traininghalf usingvariousnumbersof clusters,yieldingmod-
elsM 1(T ); M 2(T ); :::M n (T ). Theprior probabilityof each
numberof clusters,togetherwith the likelihoodof the vali-
dationhalf giventhatmodel,describesthecomparativeprob-
abilitiesthateachnumberof clustersgeneratedtheobserved
data.

P(M i (X )) = P(M i ))P(V jM i (T ))

After calculatingthe bestnumberof clusters,the algorithm
clustersthe dataonelast time andre-labelsany previously-
observed rocks accordingto their new class membership
probabilities.Thereexist othernon-probabilisticmethodsfor
classi�cationandclustering,but theexplicit uncertaintyin the
classi�cationcanbeusedto helpthescientistscalibratetheir

relianceon theresultsor to inform onboardplanners.More-
over, low probabilitydensitiesindicatetheinterestingoutliers
thathave little in commonwith otherobservations.

3. EXPERIMENTAL METHOD

In this sectionwe examinea �eld testperformedin the At-
acamadesertin Chile. TheAtacamais a commonplacefor
testingexplorationrobotsbecauseof its resemblanceto Mars.
In particular, its centralarid region is practically devoid of
macroscopiclife. Thesefactorsmake it anappropriateplace
to evaluatethe rock detectionsystem.The following exper-
iment wasdesignedto test the utility of the describedrock
detectionstrategy in theuncertainlighting andterraincondi-
tionsfoundin the�eld. In particularwehopedto evaluatethe
rockdetectoragainstahuman'sown identi�cationsgiventhe
sameimagedata.

Theroverplatformis “Zoë,” anexplorationrobotbuilt at the
Carnegie Mellon RoboticsInstitute(Figure5). Zoë is a so-
lar poweredrobot developedfor long-durationautonomous
traverse. The sensorutilized for the experimentwas a 30
centimeterbaselinestereopair of CCD camerasmountedon
pan-tilt actuatorat 2 metersheight. Thesecamerascaptured
1280� 960full colorimages.Their21:1� � 15:9� �eld of view
providesanangularresolutionsimilar to thehumaneye and
thePancamsusedin theMarsExplorationRovermissions.

Figure5. Zoë in theAtacamaDesertof Chile.

A hill strewn with rocksof varioussizeswaschosenfor the
test.Datacollectionoccurredat two locations:a trainingset
capturedat the baseof the hill anda testsetcapturedat its
peak. At eachsite the rover usedits stereoimagingsuiteto
capturepartialpanoramascomprising180degreesof azimuth
and40 degreesof elevation. Thesegmentationoutputsfrom
the �rst panoramawere labeledmanuallyandusedto train
theregion classi�er. Then,thefully-trainedclassi�cational-
gorithmdetectedrocksin thesecondpanorama.

The detectionprocedurefor a typical test imageappearsin



Figure1. This scenecontainsrocksof varioussizes,albe-
dos and textures. Someof the smallestsegmentedregions
are ignoredbecausethey fall underneaththe minimum size
thresholdfor our analysis.Thedetectionstageprocessesthe
remainingregionsandclassi�essomeof themasrocks.

We evaluatedtheseautonomousdetectionsagainstthe loca-
tionsof real rocksin the imageset. Becausemanuallyiden-
tifying every rock would be infeasibleand error-prone,we
labeleda randomsampleof 50 rocksfrom eachimage.Soft-
warefor manualrockselectiondisplayedeachtestimageand
promptedtheuserwith a randomlocationin thescene.The
userwould draw a boundingbox aroundthe true rock clos-
estto therandompromptpoint. This de�ned not just thereal
sciencetargetsbut also“no-rock regions,” circularareascen-
teredon thepromptpointwithin whichtherewerenoscience
targets(Figure 6). Thus the labeling operationresultedin
rock, no-rock, and uncodedareas. In accordancewith our
detector's sizewindow, we restrictedthe our de�nition of a
rock to thosethathada shortaxis longerthan20 pixels. Not
only are the smallestrocks lessinformative sciencetargets,
but they areoftenambiguousevento ahumanobserver.

prompt point

non�rock area

closest rock

other rock

other rock

manually�drawn bounding box

Figure6. Methodfor codingtestimages.

We employed two different evaluationmethodsto test dif-
ferentaspectsof the autonomousdetection(Figure7). The
�rst methodevaluatesthedetector's performanceat locating
rocksin thescene,anability thatfacilitatestasksliketargeted
sensordeployment, rock distribution analysisand selective
datareturn. To calculatethis performancescorewe checked
that the centerof eachdetectedboundingbox intersecteda
manually-drawn truerock region. If thecenterfell within the
boundingbox of a true rock that wasnot yet accountedfor
the detectionwas a true positive. We labeledregionswith
centersfalling in non-rockregions falsepositives,and dis-
cardedregions whosecentersfell outsidecodedareas. A
stricterevaluationmethodtestedthe detector's performance
at localizing the exact outline of the targets. This ability is

important for attribute extraction and geologicalclassi�ca-
tion. Herewecheckedtheboundingboxesof autonomously-
detectedregionsagainstthemanually-drawn boundingboxes
by consideringthe ratio of their intersectionto their union.
An intersectionareathat comprised50% of the union area
wassuf�cient to considerthedetectedregion well-localized
(Figure7).

feature localizationfeature finding

actual rock

detected target

50% Total Area

Figure7. Lenientandstrict evaluationstrategies.

The 30 imagesin the test set togethercontaineda total of
1078codedrocksthatvariedin size,color, range,andillumi-
nation.Weevaluatedthedetectorontheentiretestset(which
containedimageregionsover20 � 20 pixelsin size)andthe
subsetcontainingonly large features(regionsover 75 � 75
pixelsin size,of which therewere68 in thedataset).Figure
8 showstypicalnear- andfar-�eld imageswith templatesthat
illustratethesesizes.

4. RESULTS

Figures9—12illustratethedetector'sperformanceonthetest
data.Varyingtheprior probabilityfor the“rock” classresults
in differentperformancecharacteristics.Precision, the frac-
tion of detectedtargetsin codedregionsthatcorrespondto ac-
tualrocks,is in generalinverselyrelatedto recall, thefraction
of actualtargetsthatarefound. Figure9 illustratesdetection
precisionfor varyingchoicesof theclassprior. As theprior
probability increasesa greaternumberof uncertainregions
areclassedassciencetargetsandprecisiondrops.Figure10
shows therecallratefor eachprior probability. Notethat the
detectornever found all of the sciencetargets,even for the
casewheretheprior wassetto 1. Thereasonfor this is that
the evaluationmeasuresnot simply region classi�cationbut
rathertheoverall system'sability to �nd andrecognizerocks
in theoriginal images.A rockthatdoesnotappearin theseg-
mentationstagehasno chanceof beingclassi�ed later. Fig-
ure11 illustratesthesuperiorrecallperformancefor science
targetsover 75 pixels in size. Precisionwasalso improved
for largeregions;in everymediancase100%of thedetected
regionscorrespondedto realrocks.



Figure8. Typicalnear- andfar-�eld imagesfrom thetestdataset.



Finally, Figure12 illustratesthe fraction of detectedtargets
thatwerewell-localizedgivendifferentchoicesfor theprior.

While wedid notattemptaquantitativeevaluationof geolog-
ical classi�cation,both supervisedandautonomousclassi�-
cationshowedreasonableresultsfor the testedimages.The
exampleof Figure1 shows a supervisedclassi�cationbased
on albedo. Threeprede�nedcategorieswere generatedby
groupingrocksof like albedosfrom a differentimage.Then
theclassi�er appliedtheseuser-de�ned categoriesto classify
the rocks in the test case. Representative samplesof each
classareshown in the diagram. Note that high-, medium-,
andlow-albedorocksareaccuratelyclassi�ed.Curiously, the
autonomousgeologicalclassi�cationclustersthetestsetinto
similar categories.We believethis is dueto thelimitationsof
theattributesetusedfor geologicalclassi�cation.Therewas
little color or texture datain the testscenes;this resultedin
classi�cationsthatfavoredsizeandalbedocharacteristics.
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Figure 9. Detectionprecision—thefractionof detectedtar-
getscorrespondingto actualrocks.Medianratesappearalong
with boxes illustrating the extent of secondand third quar-
tiles. Notchesin theboxesshow intervalsof 95%con�dence
for themedian.

5. CONCLUSIONS

This experimentconstitutesa preliminary test of the pre-
sentedalgorithmsfor automaticdetectionandclassi�cation
of geologicalfeaturesof interest. A comprehensive evalua-
tion will involvealargerdatasetrepresentingdiversegeolog-
ical regions.Nevertheless,this�rst testissuf�cient to suggest
someinitial conclusions.It reinforcesthe notion that while
detectionandlocalizationperformancearerelatedit is possi-
ble to gettheformerwithout thelatter. Theevaluatedsystem
detectsrocks well, making it a suitablecandidatefor tasks
like locatingsciencetargetsandpointing instruments.How-
ever, poorlocalizationperformancesuggeststhatits geologi-
calclassi�cationswill containsomeinaccuracy. Theseclassi-
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Figure 10. Detection recall—the fraction of manually-
labeledrocksthatwerefoundby thedetectionalgorithm.
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Figure 11. Detectionrecall for thesubsetof sciencetargets
thatwereover75pixelsin size.

�cations might still beusefulfor recognizingoutliersor per-
forming generalrepresentative sampling,but precisesmall-
scalemapsof rockdistributionswouldrequireimprovements
in thesegmentationportionof thealgorithm.

Both detectionand localizationperformancevary with re-
spectto thepixel sizeof the region underconsideration.As
a result, small rocksare noticeablymore dif�cult to detect
andclassifythanlargeones.Accuracy alsodropsfor regions
in theextremefar-�eld. This suggestsonecouldgaina sub-
stantialaccuracy boostby consideringonly the sciencetar-
getsabove a certainpixel size. It also implies that active
perceptionmay play an importantrole in detectingscience
targets.After locatingapossibletarget,therovercouldzoom
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Figure 12. Localization performance—thefraction of
accurately-detectedsciencetargetsthatmeetthe localization
criteriaof Figure7.

in a camera,target a spectrometeror try someothermeans
of gatheringmoreinformationandincreasingdetectionaccu-
racy.

We believe the “detection as classi�cation” strategy holds
uniqueadvantagesfor �nding sciencetargets. It can draw
onmultiplesegmentationmethodsandfuseinformationfrom
multiple sensorswhen available. It can adaptto different
terrainby exploiting attribute relationshipsspeci�c to a new
trainingset.Finally, it expressesits �nal decisionthroughan
explicit probability value. While thereare predictablesce-
nariosfor which this exampleperformssuboptimally, results
suggestthat themethodasa whole is soundandthatperfor-
mancewill improveasre�nementsaremadeto its component
parts. Neverthelessit is unlikely in the nearterm that this
—or any otherdetectiontechnique—would approach100%
recall for all sciencetargetsof interest. Thus, quantitative
evaluaitonwill remainan importantaspectof futurescience
autonomyresearch.Throughregularevaluationwe cantrack
progresswhile maintainingreasonableexpectationsfor the
system's �eld performance.

There are several avenuesfor further improvementin the
examplesystempresentedhere. Accuratesegmentationof
stereodisparitydatais oneobviousway to improve localiza-
tion accuracy. Anotherimportantadvancewill be the inclu-
sionof othersciencetargetsinto thedetectionandclassi�ca-
tion scheme.While this paperfocusessolely on rocks, the
systemitself shouldgeneralizeto otherfeaturesof scienti�c
interestlike soil patches,gravel beds,andsaltdeposits.This
shouldbeveri�ed experimentally. Similarly, theattributeset
for geologicalclassi�cation shouldbe expandedto include
more sophisticatedmeasuresof angularityand texture. Fi-
nally we hopeto integratethescienceautonomysystemdis-

cussedin this paperwith a plannerthat will use this data
to planexperimentsandcommandthe rover. Togetherthese
moduleswouldconstituteacomprehensivescienceautonomy
systemthat not only detectslikely targetsbut alsoplansap-
propriateexperiments“on the �y .” Sucha systemwill be
importantto exploit theextendedtraverserangeof futureex-
plorationrobots.
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