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Abstract

We considertheproblemof graspingnovel objects,speci�cally onesthatarebe-
ing seenfor the �rst time throughvision. We presenta learningalgorithmthat
neitherrequires,nor tries to build, a 3-d modelof theobject. Insteadit predicts,
directly asa functionof the images,a point at which to grasptheobject. Our al-
gorithmis trainedvia supervisedlearning,usingsyntheticimagesfor thetraining
set. We demonstrateon a robotic manipulationplatform that this approachsuc-
cessfullygraspsa wide varietyof objects,suchaswine glasses,duct tape,mark-
ers,a translucentbox, jugs,knife-cutters,cellphones,keys,screwdrivers,staplers,
toothbrushes,athick coil of wire,astrangelyshapedpowerhorn,andothers,none
of whichwereseenin thetrainingset.

1 Intr oduction

In thispaper, weaddresstheproblemof graspingnovel objectsthatarobotis perceiving for the�rst
time throughvision.

Modern-dayrobotscanbecarefullyhand-programmedor “scripted”to carryoutmany complex ma-
nipulationtasks,rangingfrom usingtoolsto assemblecomplex machinery, to balancinga spinning
topontheedgeof asword.[15] However, autonomouslygraspingapreviouslyunknown objectstill
remainsachallengingproblem.If theobjectwaspreviouslyknown, or if weareableto obtaina full
3-d modelof it, thenvariousapproaches,for exampleonesbasedon friction cones,[5] form- and
force-closure,[1] pre-storedprimitives,[7] or othermethodscanbeapplied.However, in practical
scenariosit is oftenvery dif�cult to obtaina full andaccurate3-d reconstructionof anobjectseen
for the�rst time throughvision. This is particularlytrueif we have only a singlecamera;for stereo
systems,3-d reconstructionis dif�cult for objectswithout texture,andevenwhenstereopsisworks
well, it would typically reconstructonly the visible portionsof the object. Finally, even if more
specializedsensorssuchaslaserscanners(or active stereo)areusedto estimatetheobject's shape,
wewouldstill have only a3-d reconstructionof thefront faceof theobject.

In contrastto theseapproaches,we proposea learningalgorithmthatneitherrequires,nor tries to
build, a 3-d modelof theobject. Insteadit predicts,directly asa functionof the images,a point at
which to grasptheobject. Informally, thealgorithmtakestwo or morepicturesof theobject,and
thentriesto identify apointwithin each2-dimagethatcorrespondsto agoodpointatwhichto grasp
theobject.(For example,if trying to graspacoffeemug,it might try to identify themid-pointof the
handle.)Giventhese2-dpointsin eachimage,weusetriangulationto obtaina3-dpositionatwhich
to actuallyattemptthegrasp.Thus,ratherthantrying to triangulateevery singlepoint within each
imagein order to estimatedepths—asin densestereo—weonly attemptto triangulateone(or at
mosta smallnumberof) pointscorrespondingto the3-d point wherewe will grasptheobject.This
allows us to graspan objectwithout ever needingto obtainits full 3-d shape,andapplieseven to
textureless,translucentor re�ectiveobjectsonwhichstandardstereo3-dreconstructionfarespoorly.

To the bestof our knowledge,our work representsthe �rst algorithmcapableof graspingnovel
objects(oneswherea 3-dmodelis not available),includingonesfrom novel objectclasses,thatwe
areperceiving for the�rst timeusingvision.



Figure1: Examplesof objectsonwhich thegraspingalgorithmwastested.

In prior work, a few othershavealsoappliedlearningto roboticgrasping.[1] For example,Jebaraet
al. [8] usedasupervisedlearningalgorithmto learngrasps,for settingswhereafull 3-dmodelof the
objectis known. HsiaoandLozano-Perez[4] alsoapplylearningto grasping,but again assuminga
fully known 3-d modelof theobject. Piater's algorithm[9] learnedto positionsingle�ngers given
a top-down view of anobject,but consideredonly verysimpleobjects(speci�cally, square,triangle
andround“blocks”). Platt et al. [10] learnedto sequencetogethermanipulationgaits, but again
assumedaspeci�c, known, object.Thereis alsoextensive literatureonrecognitionof known object
classes(suchascups,mugs,etc.)[14], but this seemsunlikely to applydirectly to graspingobjects
from novel objectclasses.

To pick up an object, we needto identify the graspingpoint—moreformally, a position for the
robot'send-effector. Thispaperfocusesonthetaskof graspidenti�cation, andthuswewill consider
only objectsthatcanbepickedup without performingcomplex manipulation.1 We will attemptto
graspa numberof commonof�ce andhouseholdobjectssuchastoothbrushes,pens,books,mugs,
martini glasses,jugs,keys,ducttape,andmarkers.(SeeFig. 1.)

Theremainderof thispaperis structuredasfollows. In Section2,wedescribeourlearningapproach,
aswell asour probabilisticmodel for inferring the graspingpoint. In Section3, we describethe
motionplanning/trajectoryplanning(on our 5 degreeof freedomarm)for moving themanipulator
to the graspingpoint. In Section4, we report the resultsof extensive experimentsperformedto
evaluateouralgorithm,andSection5 concludes.

2 Learning the Grasping Point

Becauseevenvery differentobjectscanhave similar sub-parts,therearecertainvisualfeaturesthat
indicategoodgrasps,andthat remainconsistentacrossmany differentobjects.For example,jugs,
cups,andcoffeemugsall havehandles;andpens,white-boardmarkers,toothbrushes,screw-drivers,
etc. are all long objectsthat can be graspedroughly at their mid-point. We proposea learning
approachthatusesvisualfeaturesto predictgoodgraspingpointsacrossa largerangeof objects.

Giventwo (or more)imagesof anobjecttakenfrom differentcamerapositions,we will predictthe
3-d positionof a graspingpoint. An imageis a projectionof the three-dimensionalworld into an
imageplane,anddoesnothavedepthinformation.In ourapproach,wewill predictthe2-d location
of thegraspin eachimage;moreformally, we will try to identify theprojectionof a goodgrasping
point onto the imageplane. If eachof thesepointscanbe perfectly identi�ed in eachimage,we
cantheneasily“triangulate” from theseimagesto obtainthe3-d graspingpoint. (SeeFig. 4a.) In
practiceit is dif�cult to identify theprojectionof agraspingpoint into theimageplane(and,if there
aremultiplegraspingpoints,thenthecorrespondenceproblem—i.e.,decidingwhichgraspingpoint
in oneimagecorrespondsto which point in anotherimage—mustalsobesolved). On our robotic
platform,this problemis furtherexacerbatedby uncertaintyin thepositionof thecamerawhenthe

1For example,picking up a heavy book lying �at on tablemight requirea sequenceof complex manipu-
lations,suchasto �rst slide the book slightly pastthe edgeof the tableso that the manipulatorcanplaceits
�ngers aroundthebook.



Figure2: Examplesof differentedgeandtexture�lters usedto calculatethefeatures.

Figure3: Syntheticimagesof theobjectsusedfor training. Theclassesof objectsusedfor training
weremartini glasses,mugs,teacups,pencils,whiteboarderasers,andbooks.

imagesweretaken. To addressall of theseissues,we developa probabilisticmodelover possible
graspingpoints,andapplyit to infer agoodpositionatwhich to graspanobject.2

2.1 Features

In our approach,we begin by dividing theimageinto smallrectangularpatches,andfor eachpatch
predict if it is a projectionof a graspingpoint onto the imageplane. For this predictionproblem,
we chosefeaturesthat representthreetypesof local cues:edges,textures,andcolor. [11, 13] We
computefeaturesrepresentingedgesby convolving theintensitychannel3 with 6 orientededge�lters
(Fig. 2). Texture informationis mostlycontainedwithin the imageintensitychannel,sowe apply
9 Laws masksto this channelto computethetextureenergy. For thecolor channels,low frequency
informationis mostusefulto identify grasps;our color featuresarecomputedby applyinga local
averaging�lter (the �rst Laws mask)to the 2 color channels.We thencomputethe sum-squared
energy of eachof these�lter outputs.Thisgivesusaninitial featurevectorof dimension17.

To predictif apatchcontainsagraspingpoint, local imagefeaturescenteredonthepatchareinsuf�-
cient,andonehasto usemoreglobalpropertiesof theobject.Weattemptto capturethis information
by usingimagefeaturesextractedatmultiplespatialscales(3 in ourexperiments)for thepatch.Ob-
jectsexhibit differentbehaviors acrossdifferentscales,andusingmulti-scalefeaturesallows us to
capturethesevariations.In detail,we computethe17 featuresdescribedabove from thatpatchas
well asthe 24 neighboringpatches(in a 5x5 window centeredaroundthe patchof interest).This
givesusa featurevectorx of dimension1 � 17� 3 + 24� 17 = 459.

2.2 SyntheticData for Training

We apply supervisedlearningto learnto identify patchesthat containgraspingpoints. To do so,
we requirea labeledtrainingset,i.e., a setof imagesof objectslabeledwith the2-d locationof the
graspingpoint in eachimage. Collectingreal-world dataof this sort is cumbersome,andmanual
labelingis proneto errors.Thus,we insteadchoseto generate,andlearnfrom, syntheticdatathatis
automaticallylabeledwith thecorrectgrasps.

In detail,we generatesyntheticimagesalongwith correctgrasp(Fig. 3) usinga computergraph-
ics ray tracer,4 asthis producesmorerealisticimagesthanothersimplerrenderingmethods.5 The
advantagesof usingsyntheticimagesaremulti-fold. First, oncea syntheticmodelof anobjecthas
beencreated,a largenumberof trainingexamplescanbeautomaticallygeneratedby renderingthe
objectunderdifferent(randomlychosen)lighting conditions,camerapositionsandorientations,etc.

2An earlierversionof this work without theprobabilisticmodelandusingsimplerlearning/inferencewas
describedin [12].

3WeuseYCbCrcolor space,whereY is theintensitychannel,andCbandCr arecolor channels.
4Raytracing[3] is astandardimagerenderingmethodfrom computergraphics.It handlesmany real-world

opticalphenomenonsuchasmultiplespecularre�ections,textures,soft shadows,smoothcurves,andcaustics.
WeusedPovRay, anopensourceray tracer.

5There is a relation betweenthe quality of the syntheticallygeneratedimagesand the accuracy of the
algorithm. The betterthe quality of the syntheticallygeneratedimagesandgraphicalrealism,the betterthe
accuracy of thealgorithm.Therefore,we usea ray tracerinsteadof faster, but cruder, openGLstylegraphics.
Michels, SaxenaandNg [6] usedsyntheticopenGLimagesto learndistancesin naturalscenes.However,
becauseopenGLstylegraphicshave lessrealism,the learningperformancesometimesdecreasedwith added
complexity in thescenes.



In addition,to increasethediversityof thetrainingdatagenerated,werandomizeddifferentproper-
tiesof theobjectssuchascolor, scale,andtext (e.g.,on the faceof a book). The time-consuming
partof syntheticdatagenerationis thecreationof themeshmodelsof theobjects.However, there
aremany objectsfor which modelsareavailableon the internet,andcanbeusedwith only minor
modi�cations.Wegenerated2500examplesfrom syntheticdata,comprisingobjectsfrom six object
classes(seeFigure3). Usingsyntheticdataalsoallows usto generateperfectlabelsfor thetraining
setwith the exact locationof a goodgraspfor eachobject. In contrast,collectingandmanually
labelingacomparablysizedsetof realimageswouldhave beenextremelytime-consuming.

2.3 Probabilistic Model

On our manipulationplatform,we have a cameramountedon the roboticarm. (SeeFig. 6) When
askedto graspanobject,we commandthearmto move thecamerato two or morepositions,soas
to acquireimagesof theobjectfrom thesepositions.However, thereareinaccuraciesin thephysical
positioningof the arm, andhencesomeslight uncertaintyin the positionof the camerawhenthe
imagesareacquired.We now describehow we modelthesepositionerrors.Formally, let C bethe
imagethatwould have beentaken if the robothadmoved exactly to thecommandedpositionand
orientation. However, dueto robot positioningerror, insteadan imageĈ is taken from a slightly
differentlocation.Let (u; v) bea2-dpositionin imageC, andlet (û; v̂) bethecorrespondingimage
positionin Ĉ. ThusC(u; v) = Ĉ(û; v̂), whereC(u; v) is thepixel valueat (u; v) in imageC. The
errorsin cameraposition/poseshouldusuallybesmall,6 andwemodelthedifferencebetween(u; v)
and(û; v̂) usinganadditive Gaussianmodel:û = u + � u , v̂ = v + � v , where� u ; � v � N (0; � 2).

For each location (u; v) in an image C, we de�ne the class label to be z(u; v) =
1f (u; v) is theprojectionof agraspingpoint into imageplaneg. (Here,1f�g is the indicator func-
tion; 1f Trueg = 1, 1f Falseg = 0.) For a correspondinglocation(û; v̂) in imageĈ, we similarly
de�ne ẑ(û; v̂) to indicatewhetherposition(û; v̂) representsagraspingpoint in theimageĈ. Since,
(u; v) and(û; v̂) arecorrespondingpixelsin C andĈ, weassumêz(û; v̂) = z(u; v). Thus:

P(z(u; v) = 1jC) = P(ẑ(û; v̂) = 1jĈ) (1)

=
R

� u

R
� v

P(� u ; � v )P(ẑ(u + � u ; v + � v ) = 1jĈ)d� u d� v (2)

Here,P(� u ; � v ) is the(Gaussian)densityover� u and� v . Further, weuselogisticregressionto model
theprobabilityof a2-dposition(u + � u ; v + � v ) in Ĉ beingagoodgraspingpoint:

P(ẑ(u + � u ; v + � v ) = 1jĈ) = P(ẑ(u + � u ; v + � v ) = 1jx; w) = 1=(1 + e� w T x ) (3)

wherex 2 R459 arethe featuresfor the rectangularpatchcenteredat (u + � u ; v + � v ) in image
Ĉ (describedin Section2.1). The parameterof this modelw 2 R459 is learnedusingstandard
maximumlikelihoodfor logistic regression:w = argmaxw 0

Q
i P(zi jx i ; w0), where(x i ; zi ) are

thesynthetictrainingexamples(imagepatchesandlabels),asdescribedin Section2.2.Fig.5 shows
theresultof applyingthelearnedlogistic regressionmodelto somereal(non-synthetic)images.

Given two or moreimagesof a new object from differentcamerapositions,we want to infer the
3-d positionof the graspingpoint. (SeeFig. 4.) Becauselogistic regressionmay have predicted
multiple graspingpointsper image,thereis usuallyambiguityin thecorrespondenceproblem(i.e.,
which graspingpoint in oneimagecorrespondsto which grapingpoint in another).To addressthis
while alsotakinginto accounttheuncertaintyin cameraposition,we proposea probabilisticmodel
overpossiblegraspingpointsin 3-dspace.In detail,wediscretizethe3-dwork-spaceof therobotic
arm into a regular 3-d grid G � R3, andassociatewith eachgrid elementj a randomvariable
yj = 1f grid cell j is agraspingpointg.

Fromeachcameralocationi = 1; :::; N , oneimageis taken.In imageCi , let theraypassingthrough
(u; v) bedenotedRi (u; v). Let Gi (u; v) � G bethesetof grid-cellsthroughwhichtherayR i (u; v)
passes.Let r 1; :::rK 2 Gi (u; v) betheindicesof thegrid-cellslying on therayR i (u; v) .

6Therobotposition/orientationerror is typically small (positionis usuallyaccurateto within 1mm), but it
is still importantto modelthis error. Fromour experiments(seeSection4), if we set� 2 = 0, thetriangulation
is highly inaccurate,with averageerror in predictinggraspingpoint being15:40 cm, ascomparedto 1:85 cm
whenappropriate� 2 is chosen.



Figure4: (a) Diagramillustratingraysfrom two imagesC1 andC2 intersectingat a graspingpoint
(shown in dark blue). (b) Actual plot in 3-d showing multiple raysfrom 4 imagesintersectingat
the graspingpoint. All grid-cells with at leastone ray passingnearbyare coloredusing a light
blue-green-darkbluecolormap,wheredarkbluerepresentsthosegrid-cellswhich have many rays
passingnearthem.(Bestviewedin color.)

We know thatif any of thegrid-cellsr j alongtheray representa graspingpoint, thenits projection
is a grasppoint. More formally, zi (u; v) = 1 if andonly if yr 1 = 1 or yr 2 = 1 or . . . or yr K = 1.
For simplicity, we usea (arguablyunrealistic)naive Bayes-like assumptionof independence,and
modeltherelationbetweenP(zi (u; v) = 1jCi ) andP(yr 1 = 1 or : : : or yr K = 1jCi ) as

P(zi (u; v) = 0jCi ) = P(yr 1 = 0; :::; yr K = 0jCi ) =
Q K

j =1 P(yr j = 0jCi ) (4)

Assumingthatany grid-cell alonga ray is equallylikely to beagraspingpoint, this thereforegives

P(yr j = 1jCi ) = 1 � (1 � P(zi (u; v) = 1jCi ))1=K (5)

Next, usinganothernaive Bayes-like independenceassumption,we estimatethe probability of a
particulargrid-cell yj 2 G beingagraspingpointas:

P(yj = 1jC1; :::; CN ) = P (y j =1) P (C1 ;:::;C N j y j =1)
P (C1 ;:::;C N ) = P (y j =1)

P (C1 ;:::;C N )

Q N
i =1 P(Ci jyj = 1) (6)

= P (y j =1)
P (C1 ;:::;C N )

Q N
i =1

P (y j =1 jC i )P (C i )
P (y j =1) /

Q N
i =1 P(yj = 1jCi ) (7)

whereP(yj = 1) is the prior probability of a grid-cell beinga graspingpoint (set to a constant
valuein our experiments).UsingEquations2, 3, 5, and7, we cannow compute(up to a constant
of proportionalitythatdoesnot dependon thegrid-cell) theprobabilityof any grid-cell yj beinga
valid graspingpoint,giventheimages.

2.4 MAP Infer ence

We infer thebestgraspingpoint by choosingthe3-d position(grid-cell) that is mostlikely to bea
valid graspingpoint. More formally, usingEq.5 and7, wewill choose:

argmaxj logP(yj = 1jC1; :::; CN ) = argmaxj log
Q N

i =1 P(yj = 1jCi ) (8)

= argmaxj
P N

i =1 log
�
1 � (1 � P(zi (u; v) = 1jCi ))1=K

�
(9)

whereP(zi (u; v) = 1jCi ) is givenby Eq. 2 and3. A straightforward implementationthatexplic-
itly computesthesumabove for every singlegrid-cell would give goodgraspingperformance,but
beextremelyinef�cient (over 110seconds).For real-timemanipulation,we thereforeuseda more
ef�cient searchalgorithmin which we explicitly consideronly grid-cellsyj that at leastoneray
Ri (u; v) intersects.Further, thecountingoperationin Eq.9 is implementedusinganef�cient count-
ing algorithmthataccumulatesthesumsover all grid-cellsby iteratingover all the imagesN and
raysRi (u; v).7 This resultsin analgorithmthatidenti�es agraspingpositionin 1.2sec.

7Sincethereareonly a few placesin an imagewhereP(zi (u; v) = 1jCi ) > 0, thecountingalgorithmis
computationallymuchlessexpensivethanenumeratingoverall grid-cells.In practice,wefoundthatrestricting
attentionto areaswhereP(zi (u; v) = 1jCi ) > 0:1 allows us to further reducethe numberof rays to be
considered,with nonoticeabledegradationin performance.



Figure5: Graspingpointclassi�cation.Theredpointsin eachimageshow themostlikely locations,
predictedto becandidategraspingpointsby our logistic regressionmodel.(Bestviewedin color.)

Figure6: The robotic arm picking up variousobjects: box, screwdriver, duct-tape,wine glass,a
soldertool holder, powerhorn,cellphone,andmartini glassandcerealbowl from dishwasher.

3 Control

Having identi�ed a graspingpoint, we have to move the end-effector of the robotic arm to it, and
pick up theobject.In detail,ouralgorithmplansa trajectoryin joint anglespace[5] to take theend-
effectorto anapproachposition,8 andthenmovestheend-effecterin astraightline forwardtowards
the graspingpoint. Our robotic arm usestwo classesof grasps:downward graspsand outward
grasps.Theseariseasa directconsequenceof theshapeof theworkspaceof our 5 dof roboticarm
(Fig. 6). A “downward” graspis usedfor objectsthat arecloseto the baseof the arm,which the
armwill graspby reachingin adownwarddirection.An “outward” graspis for objectsfurtheraway
from thebase,for whichthearmis unableto reachin adownwarddirection.Theclassis determined
basedon thepositionof theobjectandgraspingpoint.

4 Experiments

4.1 Hardware Setup

Our experimentsuseda mobile roboticplatformcalledSTAIR (STanfordAI Robot)on which are
mounteda robotic arm, as well as other equipmentsuchas our web-camera,microphones,etc.
STAIR wasbuilt aspartof aprojectwhoselong-termgoalis to createarobotthatcannavigatehome
andof�ce environments,pick upandinteractwith objectsandtools,andintelligentlyconversewith
andhelppeoplein theseenvironments.Our algorithmsfor graspingnovel objectsrepresenta �rst
steptowardsachieving someof thesegoals. Theroboticarmwe usedis theHarmonicArm made
by Neuronics.This is a4 kg, 5-dofarmequippedwith aparallelplategripper, andhasapositioning
accuracy of � 1 mm. Ourvisionsystemuseda low-qualitywebcammountedneartheend-effector.

8Theapproachpositionis setto bea �x eddistanceaway from thepredictedgrasppoint.



Table1: Averageabsoluteerror in locatingthe grasppoint for differentobjects,aswell asgrasp
successratefor pickingup thedifferentobjectsusingour roboticarm.(Althoughtrainingwasdone
onsyntheticimages,testingwasdoneon therealroboticarmandrealobjects.)

OBJECTS SIMILAR TO ONES TRAINED ON NOVEL OBJECTS
TESTED ON MEAN GRASP- TESTED ON MEAN GRASP-

ERROR (CM) RATE ERROR (CM) RATE
DUCT TAPE 1.8 100%

MUGS 2.4 75% KEYS 1.0 100%
PENS 0.9 100% MARKERS/SCREWDRIVER 1.1 100%
WINE GLASS 1.2 100% TOOTHBRUSH/CUTTER 1.1 100%
BOOKS 2.9 75% JUG 1.7 75%
ERASER/ TRANSLUCENT BOX 3.1 75%
CELLPHONE 1.6 100% POWERHORN 3.6 50%

COILED WIRE 1.4 100%
OVERALL 1.80 90% OVERALL 1.85 87.5%

4.2 Resultsand Discussion

We �rst evaluatedthe predictive accuracy of the algorithmon syntheticimages(not containedin
thetrainingset). (SeeFig. 5.) Theaverageaccuracy for classifyingwhethera 2-d imagepatchis a
projectionof a graspingpoint was94.2%(evaluatedon a balancedtestset),althoughtheaccuracy
in predicting3-d graspingpoints was higher becausethe probabilisticmodel for inferring a 3-d
graspingpoint automaticallyaggregatesdatafrom multiple images,andtherefore“�x es” someof
theerrorsfrom individual classi�ers.

We thentestedthe algorithmon the physical robotic arm. Here,the taskwasto useinput from a
web-camera,mountedon therobot,to pick up anobjectplacedin front of therobot.Recallthatthe
parametersof thevision algorithmweretrainedfrom syntheticimagesof a small setof six object
classes,namelybooks,martini glasses,white-boarderasers,coffeemugs,teacupsandpencils.We
performedexperimentson coffee mugs,wine glasses(partially �lled with water),pencils,books,
and erasers—but all of different dimensionsand appearancethan the onesin the training set—
aswell asa large setof objectsfrom novel objectclasses,suchasrolls of duct tape,markers,a
translucentbox, jugs, knife-cutters,cellphones,pens,keys, screwdrivers, staplers,toothbrushes,
a thick coil of wire, a strangelyshapedpower horn,etc. (SeeFig. 1.) We notethatmany of these
objectsaretranslucent,textureless,and/orre�ective,making3-dreconstructiondif�cult for standard
stereosystems.(Indeed,a carefully-calibratedPointGraystereosystem,theBumblebeeBB-COL-
20,—with higherquality camerasthanour web-camera—fails to accuratelyreconstructthevisible
portionsof 9 outof 12objects.)

In extensive experiments,thealgorithmfor predictinggraspsin imagesappearedto generalizevery
well. Despitebeingtestedon imagesof real (ratherthansynthetic)objects,including many very
differentfrom onesin thetrainingset,it wasusuallyableto identify correctgrasppoints. We note
thattestseterror(in termsof averageabsoluteerrorin thepredictedpositionof thegrasppoint) on
the real imageswasonly somewhat higherthanthe error on syntheticimages;this shows that the
algorithmtrainedon syntheticimagestransferswell to real images.(Over all 5 objecttypesused
in the syntheticdata,averageabsoluteerror was0.81cmin the syntheticimages;andover all the
13 real testobjects,averageerrorwas1.83cm.)For comparison,neonatehumanscangraspsimple
objectswith anaverageaccuracy of 1.5cm.[2]

Table1 shows theerrorsin thepredictedgraspingpointson the testset. Thetablepresentsresults
separatelyfor objectswhichweresimilar to thosewetrainedon(e.g.,coffeemugs)andthosewhich
werevery dissimilarto thetrainingobjects(e.g.,ducttape).In additionto reportingerrorsin grasp
positions,we alsoreportthegraspsuccessrate,i.e., the fractionof timestheroboticarmwasable
to physically pick up theobject(out of 4 trials). On average,therobotpickedup thenovel objects
87.5%of thetime.

For simple objectssuchas cellphones,wine glasses,keys, toothbrushes,etc., the algorithmper-
formedperfectly(100%graspsuccessrate). However, graspingobjectssuchasmugsor jugs (by
the handle)allows only a narrow trajectoryof approach—whereone“�nger” is insertedinto the
handle—sothat even a small error in the graspingpoint identi�cation causesthe arm to hit and
move the object, resultingin a failed graspattempt. Although it may be possibleto improve the



algorithm's accuracy, we believe that theseproblemscanbestbesolvedby usinga moreadvanced
roboticarmthatis capableof haptic(touch)feedback.

In many instances,thealgorithmwasableto pick up completelynovel objects(a strangelyshaped
power-horn,duct-tape,soldertool holder, etc.;seeFig. 1 and6). Perceiving atransparentwineglass
is a dif�cult problemfor standardvision (e.g., stereopsis)algorithmsbecauseof re�ections, etc.
However, asshown in Table1, our algorithmsuccessfullypickedit up 100%of thetime. Thesame
rateof successholdseven if the glassis 2/3 �lled with water. Videosshowing the robot grasping
theobjects,areavailableat

http://ai.stanford.edu/� asaxena/learninggrasp/

We alsoappliedour learningalgorithmto the taskof unloadingitemsfrom a dishwasher.9 Fig. 5
demonstratesthatthealgorithmcorrectlyidenti�es thegrasponmultipleobjectsevenin thepresence
of clutterandocclusion.Fig. 6 shows our robotunloadingsomeitemsfrom adishwasher.

5 Conclusions

We proposedan algorithmto enablea robot to graspan objectthat it hasnever seenbefore. Our
learningalgorithmneithertriesto build, nor requires,a 3-d modelof theobject. Insteadit predicts,
directly as a function of the images,a point at which to graspthe object. In our experiments,
thealgorithmgeneralizesvery well to novel objectsandenvironments,andour robotsuccessfully
graspeda wide varietyof objects,suchaswine glasses,ducttape,markers,a translucentbox, jugs,
knife-cutters,cellphones,keys,screwdrivers,staplers,toothbrushes,a thick coil of wire, astrangely
shapedpowerhorn,andothers,noneof whichwereseenin thetrainingset.
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9To improveperformance,wealsouseddepth-basedfeatures.More formally, weappliedour texturebased
featuresto the depthimageobtainedfrom a stereocamera,andappendedthemto the featurevectorusedin
classi�cation. We alsoappendedsomehand-labeledrealexamplesof dishwasherimagesto thetrainingsetto
preventthealgorithmfrom identifyinggraspingpointsonbackgroundclutter, suchasdishwasherprongs.


