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ErgodicExplorationusingBinarySensingfor
Non-ParametricShapeEstimation

IanAbraham1,AhalyaPrabhakar1,MitraJ.Z.Hartmann1,2,andToddD.Murphey1

Abstract—Current methodstoestimateobjectshape—using
eithervisionortouch—generallydependonhigh-resolution
sensing. Here,weexploitergodicexplorationtodemonstrate
successfulshapeestimationwhenusingalow-resolutionbinary
contactsensor.Themeasurementmodelisposedasacollision-
basedtactilemeasurement,andclassificationmethodsareused
todiscriminatebetweenshapeboundaryregionsinthesearch
space.Posteriorlikelihoodestimatesofthemeasurementmodel
helpthesystemactivelyseekoutregionswherethebinarysensor
ismostlikelytoreturninformativemeasurements.Resultsshow
successfulshapeestimationofvariousobjectsaswellastheability
toidentifymultipleobjectsinanenvironment.Interestingly,it
isshownthatergodicexplorationutilizesnon-contact motion
togathersignificantinformationaboutshape.Thealgorithmis
extendedinthreedimensionsinsimulationandwepresenttwo
dimensionalexperimentalresultsusingtheRethinkBaxterrobot.

IndexTerms—Sensor-BasedControl;ForceandTactileSensing

I.INTRODUCTION

TACTILEsensingisoftenassociatedwithshapeestima-
tion[1]–[4]and mappingproblems[5]inconditions

wherevisualsensingmaybelimited.Insomeinstances,tactile
sensingisusedtosupplementvision-basedsensingtoimprove
shapeestimates[6],[7].Therichnessoftouchasasensing
modalityisunderscoredbythedevelopmentofnoveltactile
sensors[8]–[11]foruseinamyriadofapplicationsranging
fromrobot-assistedtumordetection[7],totexturerecognition,
andfeaturelocalization[12],[13].Theseadvancesintactile
sensortechnologyrequirecorrespondingadvancesinactive
explorationalgorithmsandtheinterpretationoftactile-based
sensordata.
Recentapproachesforactiveexplorationuserandom
sampling-basedsearchalgorithmsforsensormotionplanning
thatrequireaseparatecontrollerforpathfollowing[14].Other
methodsusetask-specificprobabilisticspatial methodsfor
shapeestimationthatareupdatedbasedonsensorposesthat
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minimizemeasurementuncertainty[2],[15]–[18].Acommon
approachintheliteratureis motionplanningforsensing
followedbyfeedbackregulationofthegeneratedplan[17]–
[20].Moreover,mostmethodsfocusononeobjectatatime.
Incontrast,thepresentedworkintegratesplanningandcontrol
intoafeedbacklaw.Asaresult,themethodusessensormotion
toactivelysensefortime-varyingspatialinformation.Wetake
theframeworkin[21]andusethefeedbacklawdevelopedhere
toenablereal-timeexecutionduringshapeestimation.Lastly,
thefeedbackintheactivesensingalgorithmcompensatesfor
lowresolutionsensorsandthespecificationofthealgorithm
isindependentofthenumberofobjects.
WeshowthatergodicexplorationwithSequentialAction
Control(eSAC)canbeusedforactiveexplorationwithrespect
totime-varyingtactile-baseddistributedinformation[22],[23].
Previousapplicationsofergodictheoryutilizeparametric
measurement modelsforlocalizationtasks[21],[24].The
currentworkdemonstrateslocalizationandestimationofnon-
parametricshapesusingabinarysensormodelwithclassifi-
cationmethods.Incontrasttoothermethodsofactivesensing
forshapeestimation[16],[18],[19],[25],[26],theproposed
algorithmautomaticallyencodesdynamicalconstraintswith-
outanyoverheadspatialdiscretizationormotionplanning.
Inaddition,thealgorithmincorporatessensormeasurement
informationtoactivelyadjustshapeestimatesandsynthesize
tactile-informationbasedcontrolactions.Asaresult,thealgo-
rithmautomaticallyadjuststhecontrolsynthesisformultiple
objectsinanenvironment.Notably,ergodicexplorationuses
non-contactmotiondata(sensormotionnotincontactwith
anobject)[27],[28]toimprovetheshapeestimate.Theidea
ofutilizingfreespaceisoftenfoundinotherrelatedworks
ofposeestimationandtracking[27]–[30]andisemphasized
inourwork.Asafinalcontribution,weshowthealgorithm
ismodularwithrespecttothechoiceofshaperepresentation
andtactileinformationdistribution.
Thepaperoutlineisasfollows:SectionIImotivatestheuse
ofabinarycontactsensorandoutlinestheimplicationsfortac-
tilesensing.SectionIIIdescribestherobotcontrolalgorithm
foractiveexplorationandmotivatesergodicityasameasure
forexploration.SectionIVexplainshowshapeestimationis
achievedandhowmeasurementsupdatetheshapeestimate
andthecontrolpolicy.Experimentalandsimulatedresultsand
conclusionareshowninsectionsVandVIrespectively.

II.TACTILEINFORMATION

Inbiologicalsystems,tactilesensingisgenerallyanactive
processthatincorporatesfeedbackfrommultipleenvironmen-
talcues[31],[32].Humans,forinstance,usefingerstograsp
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objectsformanipulationandfeaturedetection.Manyrodents
usehair-likeappendages(whiskers)fortactilesensing[33]–
[35].Thesebiologicalsensorshavealargesetofactuatorsand
sensorchannels,thustheprocesscontrolforactivesensing
iscomplex. Weinvestigatealowerresolutionversionof
tactilesensingthatissimpletocontrolforactivesensing.
Specifically,weshowthatabinaryformoftactilesensing
(i.e.,collisiondetection)[8],[10],hasenoughinformationfor
shapeestimation,whencombinedwithanactiveexploration
algorithmthatautomaticallytakesintoaccountregionsof
shapeinformation.
Abinarytactilemeasurementmodelconsistsofatransition

statefrom“nocollision”to“collision”andviceversa. We
denotethismeasurementmodelas

Υ(x)=
1, φ(x)≤0

0, φ(x)>0
(1)

wherexisthesensorstateandφ(x)isaboundaryfunction
thatdeterminesatransitionstateifφ(x)≤0(outputof1).
Thegoalofshapeestimationistodetermineφ(x).

III.ACTIVEEXPLORATIONUSINGERGODICCONTROL

A. Motivation

Typicalalgorithmsusedinactiveexplorationandinforma-
tionmaximizationcasttheproblemofinformationacquisition
as“exploratory”(widespreadsearchfordiffuseinformation
suchaslocalization)or“exploitative”(directsearchforhighly
structuredinformationsuchasshapecontours)[36],[37].
Ergodicexploration[21]–[24],[38]isresponsivetoboth
diffuseinformationdensitiesandhighlyfocusedinformation.
Thus,ergodiccontrolseamlesslyencodeswidespreadcover-
agefordiffuseinformationandlocalizedsearchforfocused
informationforbothneeds.

B.ErgodicMetric

Atrajectoryx(t)ofasensorisergodicwithrespecttoa
probability(“target”)distributionΦ(x)whenthefractionof
timethetrajectoryspendsinanareawithinthesearchspace
isequaltothespatialstatisticsacrossthesearchspace[22],
[39].Theergodicmetricthatmeasuresthischaracteristicis
givenas[22],[23],

E(x(t))=
k∈Zn

Λk[ck(x(t))−φk]
2 (2)

where

ck(x(t)) =
1

tf−t0

tf

t0

Fk(x(τ))dτ, (3)

φk =
X

Φ(x)Fk(x)dx. (4)

Here,Fk(x)isaFourierbasisfunction,andΛkareweights
describedin[22].ThetargetdistributionΦ(x)iswhatdrives
thecontrolsynthesisforactive-exploration.
Comparisonbetweenrobottrajectoryanddistributionis
donewithequation(2)whichtakestheFourierpowerseries
decompositionusing(3)and(4)anddirectlycomparesthe
statisticsofatrajectory withthatofthespatialstatistics

Φ(x).Astheergodicmetricisconvex[22],convexobjectives
subjecttolinearaffineconstraintsarestillconvex. Asa
consequence,forlinearaffinedynamicalsystems,thereareno
localminimizersandmusteventuallysearchthewholespace.
Apathis“ergodic”withrespecttoadistributionifthefraction
oftimethetrajectoryspendsinaregioninspaceisequivalent
tothemeasureassociatedwiththatregion.

C.ErgodicSequentialActionControl

Ergodiccontroldeterminesadiscretesetofcontrolinputs
thataimstoreducetheergodicmetricovertime.Ergodic
SequentialActionControl(eSAC)isacontrolschemethat
generatesergodiccontrolactions. Althoughtrajectoryop-
timizationhasbeenusedtogeneratecontrolsynthesisfor
ergodicexploration[21],[23],sequentialactioncontrolpro-
videsaclosed-formcontrolthatcanimmediatelyrespond
tochangesintheergodicmetricinaninfinitehorizonset-
ting[40].Incomparisonwithsample-basedplanners,SAC
incorporatesdynamicalconstraints.Inparticular,non-linear
feedbackcontrolisdesiredwhendealingwithcollisionsand
contactinformationthatmustbeincorporatedatthetimeof
measurementacquisition.Thus,themotivatingfactorforusing
eSACisacombinationofcompactnessinitsformulationand
theabilitytoquicklyreacttomeasurements.
Assumingcontrol-affinedynamicsoftheform

ẋ=f(x(t),u)=g(x)+h(x)u (5)

wherex∈Rnandu∈Rm,thetrajectorycostis

J(x(t))=qE(x(t))+
tf

t0

1

2
u(τ)TRu(τ)dτ (6)

whereq∈RweightstheergodicmetricandR∈Rm×m

isapositivedefinitematrix.Duringeachsamplinginstance,
eSACcomputestheoptimalactiontoreducethecostfunction
J(x(t))inthefollowingsteps:
1)Prediction:eSACforwardsimulatesthesystemdynam-
icsstartingfromthesampledsensorstatex0attimet0toa
finitetimehorizont0+Tassumingadefaultcontrolu0similar
toNMPCmethods[41],[42].Costsensitivityiscomputedby
backwardssimulatinganadjointvariable,ρ∈Rnthatsatisfies
thefollowingdifferentialequation

ρ̇ = 2
q

T
k∈Zn

Λk(ck(x(t))−φk)
∂

∂x
Fk(x(t))

−
∂

∂x
f(x,u0)

Tρ (7)

subjecttoρ(t0+T)=0.

Thepairx(t)andρ(t)areusedtocomputetheoptimalcontrol
action.
2)CalculateOptimalControlActions:eSACproducesa
scheduleofcontrolactionsu∗(t)∈[t0,t0+T]thatoptimizes

Ju=
1

2

t0+T

t0

dJtrack
dλ

−αd

2

+ u(t)2Rdt (8)

where
dJtrack
dλ

=ρ(t)T(f(x(t),u)−f(x(t),u0)). (9)
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Fig.1.(A)Simulatedtimesequenceoftactile-basedeSACestimatingasquare(green)inX ⊂R2⊂[0,1]×[0,1].Robottrajectory(magenta)translates
intimefromthepreviousfinalstate(shownasacircle)tothecurrentinitialcondition(shownasamagentasquare).Theboundaryofthesurfaceestimateis
shownasablacklineandtheposteriorlikelihoodisshowninthedensityplot.Highlikelihoodofacquiringacollisionisshowninredandlowlikelihood
isshowninblue.BottomRow:ΓmetricisdefinedasΓ= x(φemp(x)−φactual(x))

2dxtheintegrateddifferenceoftheshapeandtheestimatedshape
squared.TheΓmeasuredropsquicklyafterfirstcontactandthenremainsatanequilibriumastheshapeestimateisupdated.(B)Notetheposterioratthe
endofthesimulation(topsubplot)resemblestheExpectedInformationDensity(EID)(see[21]forderivationofEID)oftheparametricmodelofthesquare
shape(bottomsubplot).

ThetermdJtrackdλ computestherateofchangeofthecostwith
respecttoaswitchofinfinitesimaldurationλ[40],[43].The
valueαd∈R

−dictatestheaggressivenessofthecontrol(more
negativevaluestendtosaturatethecontrol).Inthisworka
valueforαd=−555wasused.Theclosedformsolutionof
u∗isthengivenas

u∗=(Λ+RT)−1[γu0+h(x)
Tραd] (10)

whereγ h(x)TρρTh(x).Additionalinformationonthe
derivationofSACcanbefoundin[40].Inthiswork,we
usedvaluesofq=30,R=diag([0.01,0.01]),T=0.8for
eSAC.

Algorithm1eSAC

1:givenx0,ck,0,φk,0,tcurr,T,ts,i=0
2:(x(t),ρ(t))← prediction(x0,tcurr,T)
3:u∗(t)← calcControl(x(t),ρ(t))
4:returnu∗(t)∈[tcurr,tcuss+ts]

IV.SHAPEESTIMATION

Platt Scaling

Gaussian 
Kernel

Shape Estimation
and Measurement Model

Measurements

Posterior
Likelihood

e
S
A
C

TheprocessforshapeestimationisdescribedinFig.2.
Shapeestimatesareobtainedthroughrepeatedsamplesof
thesearchspaceusingdirected motionofthesensor,as
calculatedbyeSAC.Thesamplesareprocessedusingkernel
basisfunctionsinordertocreatedecisionboundaries.The
decisionboundariesarethenprocessedintoaposteriorlikeli-
hoodestimateusingacommonmethodinmachinelearningto
generatestatisticsonaclassificationfitknownasPlattScaling
[44]–[47].Thereturnedspatialstatisticsonthefitisusedfor
activesamplingofthesearchspace,thusupdatingtheshape
estimates.Theprocessiteratesatauser-specifiedsampling
frequency. Wefurtherexplaintheprocessinthefollowing
sections.

Fig.2.Blockdiagramforshapeestimation.Themeasurementsareprocessed
byaGaussianKernelandmadeintoashapeestimate.WithPlattScaling,the
shapeestimateistransformedintoaposteriorestimateofthelikelihoodof
acquiringaspecificbinarysensormeasurement,whichthenisconvertedinto
controlusingeSAC.

A.BinaryMeasurementsforShapeEstimation

Givenasetofmeasurementsyk∈[0,1]attimeindexedby
ksampledatthecorrespondingsetofsensorstatexk,shapees-
timationisaccomplishedbyprobabilisticclassificationmeth-
ods[16],[18],[25],[26].Usingthesetofmeasurements,a
decisionboundaryfortheobjectisapproximatedas

φ(x)≈
k

αkykK(xk,x)+b (11)

whereK(xk,x)isthekernelbasisfunctionthatdetermines
thebasisshapeofthedecisionboundaryandtheparameters
αkandbareoptimizedparametersbasedonthesetofykand
xk.Thechoiceofkernelbasisfunctiondeterminestheshape
ofthedecisionfunction[48].Arbitraryshapeestimationis
desiredsoaGaussiankernelbasis(alsoknownasaradialbasis
function)ischosen[49].However,anykernelbasisfunction
canbeusedasadesignchoice.TheGaussianKernelisgiven
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as

K(xk,x)=e
−
(xk−x)

2

σ2 . (12)

Akernelofthisformmapsdataintoinfinitedimensionalfea-
turespacewhichprovidesflexibilityfordecisionboundaries
[50].(Inthiswork,thepythonpackageScikit-Learn[51]is
usedforoptimizingtheboundaryfit.)

B.PosteriorLikelihoodEstimate(PlattScaling)

Asthe measurement modelisunknown,wedesignthe
controllertobeergodicwithrespecttothelikelihooddistri-
butionofacquiringacollisionmeasurement.Thedistribution
isupdatedforeachmeasurementviaPlattScaling,definedas

P(yk=1|x)=
1

1+eAφ(x)+B
, (13)

whereAandBaresolvedthrougharegressionfitandφ(x)
isthecurrentshapeestimate.

V.RESULTS

A.SimulationResults

ActiveshapeestimationinR2isdonewithdoubleintegrator
dynamicsgivenas

ẋ=f(x,u)=ẋ, ẏ, u1, u2
T
. (14)

Thebinarymeasurementsarecollisionsdetectedduringthe
crossingoftheboundaryfunctionφ(x)=0.EstimationinR3

isdonewithasimilardoubleintegratormodelwithdynamics

ẋ=f(x,u)=ẋ, ẏ, ż, u1, u2, u3
T
. (15)

Noassumptionsareneededonthelocationoftheobject
andweinitializewithauniformdistributionasthetarget
distribution.
First,wedemonstratethattheproposedalgorithm’sshape

estimateconvergestotheactualshape.Figure1showstime
evolutionoftheposterioras wellastheresultingshape
estimate.TheestimatedepictedbytheblacklineinFig.1
eventuallyconvergestotheshape,althoughmuchoftheshape
restructuringisaccomplishedfromnon-contactmotionupun-
til6s.Moreover,bycomparingtheposteriorandthewindowed
sensorpath,itisshowninFig.1thatthesensorpathisdrawn
tohighlikelihooddensities.Thisensuresthattheposterior
estimateisverifiedandupdatedasnewsensorinformationis
acquired.Notethatthesensorisunabletoaccesstheinteriorof
theshape,resultinginhighlikelihoodprobabilitieswithinthe
shape.Theposteriorlikelihoodofthesquareshapeestimate
showshighlikelihoodprobabilitiesnearthecornersofthe
square.Asanaside,wetakenoteofthesimilaritiesthatthe
resultantlikelihoodhaswiththeexpectedinformationdensity
(EID)oftheknownshapemeasurementmodel(see[21]for
EIDderivation).Specifically,highlikelihoodnearthecorners
correspondtothesimilarlargeexpectationofinformationfor
asquareshape.Ifwedefinethemeasurementmodelofthe
knownsquareasΥ(x,x)wherexissearchspaceandxis
therobot’sstatespace,thenameasureofinformationisthe
FisherInformationMatrix[52]definedby

I(x,x)=
∂Υ

∂x

T

Σ−1
∂Υ

∂x
, (16)

whereΣisthemeasurementcovariance.Assumingthemea-
surementmodelisofthesameformasinequation(1)thenthe
regionwiththelargestinformationisatthecornerswherethe
slopesoftheedgescollide.Thus,largelikelihoodestimates
shouldexistnearcornersiftheyhavenotbeenpreviously
searched.
Thenon-contactmotionshowninFig.4isbeneficialfor
tactile-basedexploration.Thesensortrajectoryfromtime4.5s
to6supdatestheshapeestimationofthesinewaveboundary
withoutmeasuringacollisionfort∈[4.5,6s].Knowingthat
nocontacthasoccurredindicatesthattheshapeisnotinthe
currentsensorstate,butlikelyinotherunexploredregionsof
sensorstate.(Interestingly,tactilesensorarraysappearoften
inbiologicalsystemssuchastheratwhiskersystem[53]).
ThealgorithmisshowninFig.3toestimatebothaclover
shapeandadiamondshape.Betweentimes2sto6sinFig.
3,non-contactmotionisshowntodrivethesensortrajectory
towardsanenclosingpaththatestimatesthelocationofthe
centeroftheshape.Afterafewseconds,thesensorregularly
isincontactwiththeshapeastheestimateconverges.The
finalestimatesofthediamondandcloverareshownbyblack
linesintherectangularboxinFig.3.
ThefinaltimeposteriorshowninFig.1andFig.3show
aresemblanceintheposteriorlikelihoodneartheedgesof
theshape.Thissimilarityinposteriorestimatesshowsthe
algorithmapproximatesregionswherethereishighexpected
tactileinformation.
ShowninFig.6,multipleobjectsareallocatedrandomly
inthesensorstate.Thesensorhasnopriorknowledgeof
wheretheshapesare,northenumberofshapes.Thesensor
contactsthefirstshapearound1s(Fig.6),thenbetween2
and6sthesensorcomesintocontactwiththeremainingtwo
shapes.Followingthetrajectory(magenta)traversedfromtime
11−30sshowninFig.6,thesensordistributesthetimespent
amongstthethreeshapes.Becausetheergodicmetricisconvex
withrespecttotheinformationdistributionandthusconvex
withrespecttotheshape,unexploredregionsofsensorstate
mustbeexplored[22].
Wefurtherexpandupon multipleshapedetection with
acomparisonwithaversionofGreedyexpectedentropy
reduction(gEER)explorationalgorithmusedin[21],[54]–
[57].Thealgorithmsamplesnearbystatescenteredattherobot
probe’scurrentlocationforregionswiththelargestprobability
ofacquiringacollision measurement.Thealgorithmthen
movestheprobetothatlocation,samplingalongtheway
toadjusttheshapeestimate.InFig.9,werun20trialsof
uniformlysampledinitialconditionsforbotheSACandgEER.
Figure9(A)showssampleshapeestimatesfor80ssimulations
ofbothalgorithms.eSACisshowntodetectalltheshapes
andbeginshaperefinementwhilegEERalgorithmatmost
detectstwoshapes,butrefinesonlyone. Wecanseein(C)
thateSACdetectsallshapeswithin40sofsimulationtime
whereasthegEERdetectstwoshapesatmost.Thetimeit
takestodetectobjectsdoesdependonthedistanceofthe
shapeandthecontrolsaturationoftherobotprobewhichwe
maintainedconstantwithbothalgorithms.In(B),weseethe
differenceinthealgorithm’sareacoverage.Inparticular,eSAC
coversmostofthesearchspacecoarselywithdenselycollected
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Fig.3.Timeseriesshapeestimationofdiamondandclovershape.Theposteriorlikelihoodestimateisshownat0.1,1,2,6,11,and30seconds.Finalshape
estimatesat30sisshownintheenclosedbox.Likelihoodofmeasuringacollisionmeasurementisdenotedbythecontours.Thesensortrajectory(shown
inmagenta)traversesfromtheprevioustimewindowontothecurrentposterior.Shapeestimatesaredepictedintheblackline.Actualcontinuouscontact
motiondoesnotbeginuntilaround6
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secondsintothesimulation.Nonetheless,throughnon-contactmotion,thealgorithmisabletoestimatetheshapes.
Aftercontinuouscontactoccurs,thealgorithmrefinestheshapeestimate.Thefinalshapeestimatesarehighlightedintheenclosedrectangularbox.Notethat
theshapeestimate(denotedastheblackline)forthesquareisunderneaththeactualshape. Withtheclover,partoftheshapeestimateisoutsidetheshape
boundary.

Fig.4. Timeseriesshapeestimationofaspatialsinewave.Highlikelihood
probabilitiesofacollisionareshowninredandlowprobabilitiesinblue.Start
pointofsensorshownasthemagentasquare.Byfollowingthetrajectoryfrom
4.5sto5.5s,theshapeestimatedepictedbytheblacklineisupdatedbythe
sensorevenwithoutacollision.At6sthemiddlepeakofthesinewavehas
beenestimatedandthesensortrajectoryhasnotcollidedwiththesinewave
boundary.
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collisionmeasurementsaroundtheshape.

Modularitywithrespecttoshaperepresentationisdemon-
stratedbycomparingwiththeshapesusedin[19]withthe
GaussianProcess(GP)forshapeestimation(seeFig.5).
Here,eSACisshowntoworkwithbothaGPandSVMfor
shapeestimates.Inparticular,inFig.5(A),eSACusesthe
touchpointselectionmetricusedin[19]forcontrolsynthesis
whichisbasedonthecovarianceoftheGPfit.Incomparison
witheSAC,theworkdonein[19]usesanMarkovDecision
Process(MDP)inordertocontrolarobotmanipulatortowards
acquiringtouchdataforshapeestimation.In[19],agridis

Fig.5. ModularityintheeSACalgorithmisshownwiththeexampleshapes
usedin[19]andtheirapproachforgeneratingshapeestimateandatarget
distribution.(A)AGaussianProcess(GP)isusedforshaperepresentation
andtheuncertaintyintheGPfitasthetargetdistribution(thisimpliesthe
robotwillsearchnearregionsofhighuncertaintyinthefit).(B)Support
VectorMachine(SVM)approachforshaperepresentationusingtheposterior
likelihoodasthetargetdistribution.BothmethodsusingeSACprovidesimilar
resultsinfinalshapeestimates.

definedandapathplannerisusedtotraversethegrid.The
largeoverheadstatediscretizationandmotionplanningcode
thatisnecessaryfortheMDPformulationisnotrequiredfor
eSAC.Moreover,eSACautomaticallyencodesrobotdynamic
constraints.Notably,eSACcanbeusedwithothervisual-based
estimatorsthatfeedinitialshapeestimatessuchthattactiledata
isusedtorefinetheestimate.

ThisalgorithmcanbetriviallyextendedtoR3asshownin
simulation.Figure8showsthesensortrajectoryinthetopplot
(magenta)activelysensingthetorusshape.Shapeestimation
ofthetorusisshowntobesuccessfulinthelowersub-plotof
Fig.8resultinginscalabilitytoobjectsinR3.Performancefor
estimationinR3dependsontherobotdynamicalconstraints
aswellasthesensorareacoverage.
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Fig.6.TimeseriesofeSACexploringmultipleobjects.Theposteriorisviewedattimes0.1,1,2,6,11,30.Trajectoriesstartatthemagentasquare.Ineach
subplot,thesensortrajectory(magenta)startsfromtheendpointoftheprevioustimeinstant.Althoughtherobothasnopriorknowledgeofthenumberof
objectsinthesensorstate,thealgorithmisstillabletocorrectlyestimatealltheobjects.Therefore,regardlessofthenumberofshapes,thealgorithmisstill
abletoestimatealltheshapesintheenvironmentgivenalargeenoughtimehorizon.

Fig.7. BaxterRobotusedforexperiments.Anobjectispinneddownto
thetableforshapeestimationusingtheend-effectorprobe.Theprobeitself
hasnosensors.Thus,themeasuredjointtorquesareusedtodetectcollisions
basedonrapidlychangingmeasurementsatspecificjointlocationsnearthe
end-effector.

B.ExperimentalResults

ExperimentsaredoneusingtheBaxterrobot(Fig.7).Binary
measurementsaretakenbytheend-effectorprobeduring
alargechangeofjointtorques,indicatingacollisionhas
occurred.Duringcollision,controllerweightRpreventsthe
robotfromdraggingalongtheobject.Inthecasethatthe
controlweightR isnotsignificant,heuristicsareusedto
preventoverexertion.Baxter’send-effectorisusedasaprobe
fortheR2searchspace.Noassumptionsareneededonthe
locationoftheobjectortheheightoftheobject.

Experimentalresultsshowthatshapeestimationcanbe
accomplishedwitharoboticsystemwith multiplesensors
(Fig.10).Althoughthereisodometryerrorwithintherobot’s
jointstates,shapeestimationsarestillvisuallyseentomatch.
WithintheposteriorregimeseeninFig.10,theprobability
densitiesfortheshapeswithcornersareshowntohaveunique
features.Inparticular,theposteriorforthetriangleinFig.
10extendsoutwardsalongthethreecornersindicatinghigh
probabilityofobtainingacollisionmeasurement.Furthermea-

Fig.8. eSACtrajectoryforaTorusS2inX ⊂R3⊂ [0,1]×[0,1]×
[0,1]searchspace.Top:Inmagenta,therobottrajectoryonaTorus.Bottom:
Densityplotoftheshapeestimate.Althoughthesimulationwasrunfor40s,
theuseofeSACisshowntocapturethedoughnutshapeinnercirclefeature
whichdefinesthetorusshape.Utilizinganarrayoftactilesensorswould
reducetheerrorontheouterringofthetorusaslargercoverageisneeded
forR3.

surementssurroundingtheedgeregionsreducethelikelihood
ofacquiringestimatewhichcanbeseeninwithresultsfrom
estimatingthesquareshape.

VI.CONCLUSIONSANDFUTUREWORK

Inthispaper,analgorithmispresentedforshapeestimation
usingabinarysensorcombinedwithergodicexploration.Itis
shownthatabinarymeasurementsensorcanbetreatedasa
lowerresolutiontactilesensorforshapeestimationwithactive



ABRAHAMetal.

eSAC

gEERN/A

(C) Time to Detect All Shapes (eSAC)

Trials

Time Window (s)

(A) Sample Initialization
e
S
A
C

g
E
E
R

(B) Refined Estimates and Trajectory Coverage

Initial Condition 1
Trajectory 1

Initial Condition 2

:ERGODICEXPLORATIONUSINGBINARYSENSINGFORNON-PARAMETRICSHAPEESTIMATION 7

Fig.9. ComparisonofgEERandeSACfordetectingandrefiningmultipleshapeestimates. Werandomlyselected20initialconditionswithuniform
distributioninthesearchspaceforbothgEERandeSACmethods.(A)TrialsamplesshownfrombotheSACandgEER.eSACconsistentlydetectsallobjects
inthesearchspace.(B)Refinedestimatesoftheshapeafterdetection.eSACisshowntocoarselyexplorethewholeregionwhilespendingalargerfraction
oftimearoundtheshapeestimates.gEERisdrivenbylargervalueswhichreduceuncertaintywhichissusceptibletolocalminima.(C)eSACisshownto
detectallshapesintheenvironmentwithin40sofsimulation.Inall20
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trials,gEERdoesnotsuccessfullydetectallshapesintheenvironment.

Fig.10. Baxterexperimentalresultsforshapeestimation.(A)showsthe
shapesusedforestimation.(B)showsthelocationofBaxter’sprobeatthe
endoftheestimationaswellastheestimateoftheshapeasthedotted
blackline.Theposteriorattheendoftheexperimentisshowninthe
contourmap.Notetheprominentposteriorlikelihoodinthetriangleestimation
aroundtheedgesarecoloredwithhighlikelihoodestimate,indicatingthat
theestimatedmeasurementmodelretainsinformationaboutcornersthatis
usefulforlocalization.Errorinshapearea[19]iswithin2.5%,7.5%,and
10.0%forthecircle,triangle,andsquarerespectively.(Coarsediscretization
ofthedistributionwascreatedtogeneratethefiguretopreventrun-time
degradationonBaxterwhichresultsinanoff-centeredvisualerrorof1cm
inthedistribution.)

sensing.Inaddition,usingergodicexplorationastheprinciple
foractivesensingusessensormotiontocaptureshapefeatures
duringestimation.Thealgorithmisshowntoestimateshapes
inR2andR3aswellasananynumberofshapesinthe
sensordomain.Thealgorithmisshowntobemodularwith
respecttochoiceofshaperepresentation.Thealgorithmis
showntohavepotentialapplicationsforactivesensingwith
lowresolutionsensorswithrespecttoshapeestimationaswell
asapplicationsinlocalization.
Futureresearchdirectionsincludetheuseofmultiplesen-

sorsforestimation.Anotherdirectionistoaugmentthecurrent
algorithmtoincludelocalizationusingtheestimated mea-

surementmodel.Thus,simultaneouslocalizationandshape
estimationshouldbepossible.
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