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Abstract

We considerthe problemof graspingnovel objects,speci cally onesthatarebe-

ing seenfor the rst time throughvision. We presenta learningalgorithmthat
neitherrequires,nor triesto build, a 3-d modelof the object. Insteadit predicts,
directly asa function of theimages,a point at which to graspthe object. Our al-

gorithmis trainedvia supervisedearning,usingsyntheticimagesfor thetraining

set. We demonstraten a robotic manipulationplatform that this approactsuc-
cessfullygraspsa wide variety of objects,suchaswine glassesducttape,mark-
ers,atranslucenbox, jugs,knife-cutterscellphoneskeys, screvdrivers,staplers,
toothbrushesathick coil of wire, astrangelyshapegowerhorn,andothersnone
of whichwereseenin thetraining set.

1 Intr oduction

In this paperwe addresshe problemof graspingnovel objectsthatarobotis perceving for the rst
time throughvision.

Modern-dayrobotscanbecarefullyhand-programmedr “scripted”to carryoutmary comple ma-
nipulationtasks rangingfrom usingtoolsto assembleomple« machineryto balancinga spinning
top ontheedgeof asword.[15] However, autonomouslhgraspinga previously unknovn objectstill
remainsachallengingproblem.If theobjectwaspreviously known, or if we areableto obtainafull
3-d modelof it, thenvariousapproachedpor exampleonesbasedon friction cones 5] form- and
force-closure[1] pre-storedprimitives,[7] or othermethodscanbe applied. However, in practical
scenariost is oftenvery dif cult to obtainafull andaccurate3-d reconstructiorof an objectseen
for the rst time throughvision. Thisis particularlytrueif we have only a singlecamerafor stereo
systems3-d reconstructions dif cult for objectswithout texture,andevenwhenstereopsisvorks
well, it would typically reconstruconly the visible portionsof the object. Finally, evenif more
specializedsensorsuchaslaserscannergor active stereo)are usedto estimatethe object's shape,
we would still have only a 3-d reconstructiorof thefront faceof the object.

In contrastto theseapproacheswe proposea learningalgorithmthat neitherrequires,nor tries to
build, a 3-d modelof the object. Insteadit predicts,directly asa function of theimages,a point at
which to graspthe object. Informally, the algorithmtakestwo or more picturesof the object,and
thentriesto identify apointwithin each2-dimagethatcorrespond$o agoodpointatwhichto grasp
theobject. (For example,if trying to graspa coffeemug,it mighttry to identify themid-pointof the
handle.)Giventhese2-d pointsin eachimage we usetriangulationto obtaina 3-d positionat which
to actuallyattemptthe grasp. Thus,ratherthantrying to triangulateevery singlepoint within each
imagein orderto estimatedepths—asn densestereo—weonly attemptto triangulateone (or at
mosta smallnumberof) pointscorrespondingo the 3-d pointwherewe will grasptheobject. This
allows usto graspan objectwithout ever needingto obtainits full 3-d shape andappliesevento
texturelesstranslucenbr re ective objectsonwhich standardstered3-dreconstructioriarespoorly.

To the bestof our knowledge, our work representshe rst algorithm capableof graspingnovel
objects(oneswherea 3-d modelis not available),includingonesfrom novel objectclassesthatwe
areperceving for the rst time usingvision.



Figurel: Examplesof objectson which the graspingalgorithmwastested.

In prior work, afew othershave alsoappliedlearningto roboticgrasping[1] For example Jebarat
al. [8] usedasupervisedearningalgorithmto learngraspsfor settingswhereafull 3-d modelof the
objectis known. HsiaoandLozano-Pere#4] alsoapplylearningto graspingbut again assuminga
fully known 3-d modelof the object. Piaters algorithm[9] learnedto positionsingle ngers given
atop-davn view of anobject,but considereanly very simpleobjects(speci cally, squarefriangle
andround“blocks”). Plattetal. [10] learnedto sequenceogethermanipulationgaits, but again
assumea speci ¢, known, object. Thereis alsoextensve literatureon recognitionof known object
classegsuchascups,mugs,etc.)[14], but this seemsunlikely to apply directly to graspingobjects
from novel objectclasses.

To pick up an object, we needto identify the graspingpoint—moreformally, a positionfor the

robot'send-efector This paperfocusesonthetaskof graspidenti cation, andthuswe will consider
only objectsthatcanbe picked up without performingcomplex manipulationt We will attemptto

graspa numberof commonof ce andhouseholdbjectssuchastoothbrushespens,books,mugs,
martini glassesjugs, keys, ducttape,andmarlers.(SeeFig. 1.)

Theremaindenof this paperis structuredasfollows. In Section2, we describeourlearningapproach,
aswell asour probabilisticmodelfor inferring the graspingpoint. In Section3, we describethe
motion planning/trajectoryplanning(on our 5 degreeof freedomarm) for moving the manipulator
to the graspingpoint. In Section4, we reportthe resultsof extensive experimentsperformedto
evaluateour algorithm,andSection5 concludes.

2 Learning the Grasping Point

Becausevenvery differentobjectscanhave similar sub-partstherearecertainvisualfeatureghat
indicategoodgraspsandthatremainconsistenticrossmary differentobjects. For example,jugs,
cups,andcoffeemugsall have handlesandpens white-boardmarlers,toothbrushesscrev-drivers,
etc. areall long objectsthat can be graspedroughly at their mid-point. We proposea learning
approachhatusesvisualfeaturego predictgoodgraspingpointsacrossa largerangeof objects.

Giventwo (or more)imagesof anobjecttakenfrom differentcamergpositions,we will predictthe
3-d positionof a graspingpoint. An imageis a projectionof the three-dimensionalvorld into an
imageplane,anddoesnot have depthinformation.In our approachye will predictthe2-dlocation
of thegraspin eachimage;moreformally, we will try to identify the projectionof a goodgrasping
point onto the imageplane. If eachof thesepointscanbe perfectlyidenti ed in eachimage,we
cantheneasily“triangulate” from theseimagesto obtainthe 3-d graspingpoint. (SeeFig. 4a.) In

practiceit is dif cult to identify the projectionof agraspingpointinto theimageplane(and,if there
aremultiple graspingpoints,thenthe correspondenceroblem—i.e. decidingwhich graspingpoint
in oneimagecorresponds$o which pointin anotherimage—mustlsobe solved). On our robotic
platform,this problemis furtherexacerbatedy uncertaintyin the positionof the cameravhenthe

For example,picking up a heary booklying at on table might requirea sequenc®f complex manipu-
lations,suchasto rst slide the book slightly pastthe edgeof the table so thatthe manipulatorcan placeits
ngers aroundthe book.



Figure2: Examplesf differentedgeandtexture lters usedto calculatethefeatures.
Figure3: Syntheticimagesof the objectsusedfor training. The classe®f objectsusedfor training
weremartini glassesmugs,teacupspencils,whiteboarderasersandbooks.
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imagesweretaken. To addressall of theseissueswe develop a probabilisticmodelover possible
graspingpoints,andapplyit to infer agoodpositionat which to graspanobject?

2.1 Features

In our approachyve begin by dividing theimageinto smallrectangulapatchesandfor eachpatch
predictif it is a projectionof a graspingpoint onto the imageplane. For this predictionproblem,
we chosefeaturesthat representhreetypesof local cues: edgestextures,andcolor. [11, 13] We
computedeaturesepresentingdgesy corvolving theintensitychannet with 6 orientededge Iters
(Fig. 2). Textureinformationis mostly containedwithin the imageintensitychannel sowe apply
9 Laws masksto this channelto computethe texture enegy. For the color channelsjow frequeng
informationis mostusefulto identify grasps;our color featuresare computedby applyinga local
averaging lter (the rst Laws mask)to the 2 color channels.We then computethe sum-squared
enegy of eachof theselter outputs.Thisgivesusaninitial featurevectorof dimensionl?7.

To predictif apatchcontainsagraspingpoint,localimagefeaturesenterednthe patchareinsuf-
cient,andonehasto usemoreglobalpropertieof theobject. We attemptto capturethisinformation
by usingimagefeaturesextractedat multiple spatialscaleq3 in our experiments¥or the patch.Ob-
jectsexhibit differentbehaiors acrosdifferentscalesandusing multi-scalefeaturesallows usto
capturethesevariations. In detail, we computethe 17 featuresdescribedabore from that patchas
well asthe 24 neighboringpatcheqin a 5x5 window centeredaroundthe patchof interest). This
givesusafeaturevectorx of dimensionl 17 3+ 24 17= 459

2.2 Synthetic Data for Training

We apply supervisedearningto learnto identify patcheghat containgraspingpoints. To do so,
we requirea labeledtraining set,i.e., a setof imagesof objectslabeledwith the 2-d locationof the
graspingpoint in eachimage. Collectingreal-world dataof this sortis cumbersomeand manual
labelingis proneto errors.Thus,we insteadchoseto generateandlearnfrom, syntheticdatathatis
automaticallyabeledwith the correctgrasps.

In detail, we generatesyntheticimagesalongwith correctgrasp(Fig. 3) usinga computergraph-
ics ray tracer* asthis producesnorerealisticimagesthanothersimplerrenderingmethods’ The
advantage®f usingsyntheticimagesare multi-fold. First, oncea syntheticmodelof anobjecthas
beencreateda large numberof training examplescanbe automaticallygeneratedy renderingthe
objectunderdifferent(randomlychosen)ighting conditions,camergositionsandorientationsetc.

2An earlierversionof this work without the probabilisticmodelandusingsimplerlearning/inferencavas
describedn [12].

3We useYChCr color spacewhereY is theintensitychannelandCb andCr arecolor channels.

“Raytracing[3] is astandardmagerenderingmethodfrom computergraphics It handlesnary real-world
opticalphenomenosuchasmultiple speculare ections, textures,soft shadevs, smoothcunes,andcaustics.
We usedPovRay, anopensourceray tracer

SThereis a relation betweenthe quality of the syntheticallygeneratedmagesand the accurag of the
algorithm. The betterthe quality of the syntheticallygeneratedmagesand graphicalrealism,the betterthe
accuray of the algorithm. Therefore we usearay tracerinsteadof faster but cruder openGLstyle graphics.
Michels, Saxenaand Ng [6] usedsyntheticopenGLimagesto learndistancesn naturalscenes.However,
becaus®penGLstyle graphicshave lessrealism,the learningperformancesometimesieceasedwith added
compleity in thescenes.



In addition,to increasehediversity of thetrainingdatageneratedywe randomizedlifferentproper
ties of the objectssuchascolor, scale,andtext (e.g.,on the faceof a book). Thetime-consuming
partof syntheticdatageneratioris the creationof the meshmodelsof the objects. However, there
aremary objectsfor which modelsare available on the internet,andcanbe usedwith only minor
modi cations. We generate@500examplesrom syntheticdata,comprisingobjectsfrom six object
classegseeFigure3). Using syntheticdataalsoallows usto generatgerfectlabelsfor thetraining
setwith the exact location of a good graspfor eachobject. In contrast,collectingand manually
labelinga comparablysizedsetof realimageswould have beenextremelytime-consuming.

2.3 Probabilistic Model

On our manipulationplatform, we have a cameramountedon the roboticarm. (SeeFig. 6) When
asledto graspanobject,we commandhe armto move the camerao two or morepositions,soas
to acquireimagesof theobjectfrom thesepositions.However, thereareinaccuracied the physical
positioningof the arm, and hencesomeslight uncertaintyin the positionof the camerawhenthe
imagesareacquired.We now describehow we modelthesepositionerrors. Formally, let C bethe
imagethatwould have beentakenif the robothad moved exactly to the commandegositionand
orientation. However, dueto robot positioningerror, insteadanimage € is taken from a slightly
differentlocation.Let (u; v) bea2-d positionin imageC, andlet (0; ¥) bethecorrespondingmage
positionin €. ThusC(u;v) = €(0; ¥), whereC(u; v) is the pixel valueat (u; v) in imageC. The
errorsin camergposition/posehouldusuallybesmall® andwe modelthedifferencebetweer(u; v)
and(0; ¢) usinganadditve Gaussiamodel:0 = u+ ,%=v+ ,,where ,; , N(O; ?).
For each location (u;v) in an image C, we de ne the class label to be z(u;v) =
1f (u; v) is the projectionof a graspingpointinto imageplaney. (Here, 1f g is the indicatorfunc-
tion; 1f Trueg = 1, 1f Falseg = 0.) For a correspondindocation(@; ) in imageC, we similarly
de ne 2(0; ©) to indicatewhetherposition(0; ¢) represents graspingpointin theimageC. Since,
(u; v) and(0; ) arecorrespondingixelsin C andC, we assume(0; %) = z(u; V). Thus:

P(zlgo;O) = 1j¢) (1)
R .
CP(us P+ yiv+ ) = 156)d d )

P(z(u;v) = 1jC)

u

Here,P( 4; v) isthe(Gaussianylensityover , and . Furtherwe uselogisticregressiorto model
the probability of a 2-d position(u + ;v + ) in € beingagoodgraspingpoint:

P2u+ yiv+ )= 131E) = P2u+ v+ )= 1jx;w)=1=(1+e ""TX) 3)

wherex 2 R*? arethe featuresfor the rectangulapatchcenteredat (u + ;v + ) in image
¢ (describedn Section2.1). The parametenf this modelw~2 R?*° is learnedusing standard
maximumlikelihoodfor logistic regression:w = argmaxyo | P (zjxi; w9, where(x;;z) are
thesynthetictrainingexamplegimagepatchesndlabels),asdescribedn Section2.2. Fig. 5 shavs
theresultof applyingthelearnedogistic regressiormodelto somereal (non-synthetic)mages.

Giventwo or moreimagesof a new objectfrom differentcamerapositions,we wantto infer the
3-d position of the graspingpoint. (SeeFig. 4.) Becausdogistic regressionmay have predicted
multiple graspingpointsperimage,thereis usuallyambiguityin the correspondencproblem(i.e.,
which graspingpointin oneimagecorrespond$o which grapingpointin another).To addresghis
while alsotakinginto accounthe uncertaintyin camergposition,we proposea probabilisticmodel
over possiblegraspingpointsin 3-d spaceln detail,we discretizethe 3-d work-spaceof therobotic
arminto a regular 3-d grid G R®, and associatewith eachgrid elementj a randomvariable
y; = 1fgrid cellj is agraspingpointy.

Fromeachcamerdocationi = 1;:::; N, oneimageis taken. In imageC;, lettheray passinghrough
(u; v) bedenotedr; (u; V). LetGj(u;Vv) G bethesetof grid-cellsthroughwhichtheray R; (u; v)
passesLetry;::irg 2 Gj(u;v) betheindicesof thegrid-cellslying ontheray R (u;v) .

5The robot position/orientatiorerror s typically small (positionis usuallyaccurateo within 1mm), but it
is still importantto modelthis error. Fromour experimentgseeSectiond), if weset 2 = 0, thetriangulation
is highly inaccuratewith averageerrorin predictinggraspingpoint being15:40 cm, ascomparedo 1:85 cm
whenappropriate 2 is chosen.
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Figure4: (a) Diagramillustratingraysfrom two imagesC; andC, intersectingat a graspingpoint
(shavn in dark blue). (b) Actual plot in 3-d shaving multiple raysfrom 4 imagesintersectingat
the graspingpoint. All grid-cellswith at leastoneray passingnearbyare coloredusing a light
blue-green-darklue colormap,wheredark blue representshosegrid-cellswhich have mary rays
passinghearthem. (Bestviewedin color)

We know thatif ary of thegrid-cellsr; alongtheray represena graspingpoint, thenits projection
is a grasppoint. More formally, z;(u; v) = 1if andonlyify,, = 1ory,, = 1or... ory,, = 1.
For simplicity, we usea (arguably unrealistic)naive Bayes-lile assumptiorof independenceand
modeltherelationbetweerP (z;(u; v) = 1jC;) andP(y;, = lor ::: ory,, = 1C;) as

P(z.(Uv) = 0ICi) = P(yr, = Giyr, = 0C) = O, Py, = 0C)  (4)

Assumingthatary grid-cellalongaray is equallylikely to be a graspingpoint, this thereforegives
Py, =1iC)=1 (1 P(z(uv)=13C))*™ ®)

Next, usinganothernaive Bayes-lile independencassumptionwe estimatethe probability of a
particulargrid-celly; 2 G beingagraspingpointas:

P(y) = CxiCy) = P PCc = = _et=n O picjy =1) (6

P(Cl;””C(S) P(C1;5C )
_ P (y; =1) N P(yi =1jCi)P(Ci) N L
= FGireny i Py = POSEAG) @)

whereP (y; = 1) is the prior probability of a grid-cell beinga graspingpoint (setto a constant
valuein our experiments).Using Equations2, 3, 5, and 7, we cannow compute(up to a constant
of proportionalitythatdoesnot dependon the grid-cell) the probability of ary grid-celly; beinga
valid graspingpoint, giventheimages.

2.4 MAP Inference

We infer the bestgraspingpoint by choosingthe 3-d position(grid-cell) thatis mostlikely to bea
valid graspingpoint. More formally, usingEq.5 and7, we will choose:

argmax; logP(y; = 1jCl;[5::;CN) = argmax; IogQ:\‘:1 P(y; = 4Ci) ®)
= arg max; iNzl log 1 (1 P(zi(u;v)= 1C))¥K )

whereP (z;(u; v) = 1jC;) is givenby Eq. 2 and3. A straightforvard implementatiorthat explic-
itly computeghe sumabove for every singlegrid-cell would give goodgraspingperformancebut
be extremelyinefcient (over 110seconds)For real-timemanipulationwe thereforeuseda more
efcient searchalgorithmin which we explicitly consideronly grid-cellsy; thatat leastone ray
Ri (u; v) intersectsFurther thecountingoperationin Eq.9 is implementedusinganef cient count-
ing algorithmthat accumulateshe sumsover all grid-cellsby iteratingover all theimagesN and
raysR; (u; v).” Thisresultsin analgorithmthatidenti es a graspingpositionin 1.2 sec.

’Sincethereareonly afew placesin animagewhereP (z; (u; v) = 1jC;) > 0, the countingalgorithmis
computationallymuchlessexpensve thanenumeratingverall grid-cells.In practice we foundthatrestricting
attentionto areaswhereP (zi(u;v) = 1jC;) > 0:1 allows us to further reducethe numberof raysto be
consideredwith no noticeabledegradationin performance.



Figure5: Graspingpointclassi cation. Theredpointsin eachimageshov themostlik ely locations,
predictedo be candidategraspingpointsby our logistic regressiormodel. (Bestviewedin color.)

Figure 6: The robotic arm picking up variousobjects: box, screvdriver, duct-tape wine glass,a
soldertool holdet powerhorn,cellphone andmartini glassandcerealbowl from dishwasher

3 Control

Having identi ed a graspingpoint, we have to move the end-efector of theroboticarmto it, and
pick uptheobject.In detail,our algorithmplansatrajectoryin joint anglespaceg5] to take theend-
effectorto anapproactposition® andthenmovesthe end-efecterin a straightline forwardtowards
the graspingpoint. Our robotic arm usestwo classesof grasps:downwad graspsand outwad
grasps.Theseariseasa directconsequencef the shapeof the workspaceof our 5 dof roboticarm
(Fig. 6). A “downward” graspis usedfor objectsthat are closeto the baseof the arm, which the
armwill graspby reachingn adownwarddirection.An “outward” graspis for objectsfurtheraway
fromthebasefor whichthearmis unableto reachin adownwarddirection. Theclassis determined
basedbn the positionof the objectandgraspingpoint.

4 Experiments

4.1 Hardware Setup

Our experimentsuseda mobile robotic platform called STAIR (STanford Al Robot)on which are
mounteda robotic arm, as well as other equipmentsuchas our web-cameramicrophonesgtc.
STAIR washuilt aspartof aprojectwhoselong-termgoalis to createarobotthatcannavigatehome
andof ce environmentspick up andinteractwith objectsandtools,andintelligently corversewith
andhelp peoplein theseenvironments.Our algorithmsfor graspingnovel objectsrepresent rst
steptowardsachiezing someof thesegoals. The robotic arm we usedis the HarmonicArm made
by Neuronics.Thisis a4 kg, 5-dof armequippedwith a parallelplategrippet andhasa positioning
accurag of 1 mm. Ourvision systemuseda low-quality webcammountednearthe end-efector.

8Theapproactpositionis setto bea x eddistanceaway from the predictedgrasppoint.




Table 1. Averageabsoluteerrorin locatingthe grasppoint for differentobjects,aswell asgrasp
successatefor picking up thedifferentobjectsusingour roboticarm. (Althoughtrainingwasdone
on syntheticimagestestingwasdoneon therealroboticarmandreal objects.)

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% Juc 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 accurag of the algorithm on syntheticimages(not containedin
thetrainingset). (SeeFig. 5.) The averageaccuray for classifyingwhethera 2-d imagepatchis a
projectionof a graspingpoint was94.2% (evaluatedon a balancedestset),althoughthe accurag
in predicting 3-d graspingpoints was higher becausehe probabilisticmodelfor inferring a 3-d
graspingpoint automaticallyaggrgatesdatafrom multiple images,andtherefore” x es” someof
theerrorsfrom individual classi ers.

We thentestedthe algorithmon the physical robotic arm. Here,the taskwasto useinput from a
web-cameramountedon therobot, to pick up anobjectplacedin front of therobot. Recallthatthe
parametersf the vision algorithmweretrainedfrom syntheticimagesof a small setof six object
classesnamelybooks,martini glasseswhite-boarderaserscoffee mugs,teacupsandpencils. We
performedexperimentson coffee mugs,wine glassegpartially lled with water), pencils,books,
and erasers—ut all of differentdimensionsand appearancéehan the onesin the training set—
aswell asa large setof objectsfrom novel objectclassessuchasrolls of ducttape,markers, a
translucentbox, jugs, knife-cutters,cellphones pens,keys, scravdrivers, staplers,toothbrushes,
a thick coil of wire, a strangelyshapedbower horn, etc. (SeeFig. 1.) We notethatmary of these
objectsaretranslucenttexturelessand/orre ective, making3-dreconstructiorif cult for standard
sterecsystems(Indeed,a carefully-calibrated®oint Gray stereosystem the BumblebeeBB-COL-
20, —with higherquality cameraghanour web-camera—dils to accuratelyreconstructhe visible
portionsof 9 out of 12 objects.)

In extensve experimentsthealgorithmfor predictinggraspsn imagesappearedo generalizevery
well. Despitebeingtestedon imagesof real (ratherthan synthetic)objects,including mary very
differentfrom onesin thetraining set,it wasusuallyableto identify correctgrasppoints. We note
thattestseterror (in termsof averageabsolutesrrorin the predictedpositionof the grasppoint) on
the realimageswasonly someavhat higherthanthe error on syntheticimages;this shavs thatthe
algorithmtrainedon syntheticimagestransferswell to realimages. (Over all 5 objecttypesused
in the syntheticdata,averageabsoluteerror was 0.81cmin the syntheticimages;andover all the
13realtestobjects,averageerrorwas1.83cm.)For comparisonneonatehumanscangraspsimple
objectswith anaverageaccurag of 1.5cm.[2]

Tablel shaws the errorsin the predictedgraspingpointson the testset. Thetablepresentsesults
separatelyor objectswhich weresimilarto thosewe trainedon (e.g.,coffeemugs)andthosewhich
werevery dissimilarto thetraining objects(e.g.,ducttape).In additionto reportingerrorsin grasp
positions,we alsoreportthe graspsuccessate, i.e., the fraction of timesthe roboticarmwasable
to physically pick up the object(out of 4 trials). On average the robot picked up the novel objects
87.5%0f thetime.

For simple objectssuchas cellphoneswine glasseskeys, toothbrushesetc., the algorithm per
formed perfectly (100%graspsuccessate). However, graspingobjectssuchasmugsor jugs (by
the handle)allows only a narraw trajectoryof approach—wherene* nger” is insertedinto the
handle—sathat even a small error in the graspingpoint identi cation causeghe arm to hit and
move the object, resultingin a failed graspattempt. Although it may be possibleto improve the



algorithm's accurag, we believe thattheseproblemscanbestbe solved by usinga moreadvanced
roboticarmthatis capableof haptic(touch)feedback.

In mary instancesthe algorithmwasableto pick up completelynovel objects(a strangelyshaped
power-horn,duct-tapesoldertool holder, etc.;seeFig. 1 and6). Perceving atransparenvine glass
is a dif cult problemfor standardvision (e.g., stereopsisplgorithmsbecauseof re ections, etc.
However, asshavn in Tablel, our algorithmsuccessfullypickedit up 100%of thetime. Thesame
rate of succes$oldsevenif the glassis 2/3 lled with water Videosshawing the robotgrasping
theobjects areavailableat

http://ai.stanford.edu/ asaxena/leaninggrasp/

We alsoappliedour learningalgorithmto the task of unloadingitemsfrom a dishwashe® Fig. 5
demonstratethatthealgorithmcorrectlyidenti es thegraspon multiple objectsevenin thepresence
of clutterandocclusion.Fig. 6 shavs our robotunloadingsomeitemsfrom a dishwasher

5 Conclusions

We proposedan algorithmto enablea robotto graspan objectthat it hasnever seenbefore. Our

learningalgorithmneithertriesto build, nor requires a 3-d modelof the object. Insteadit predicts,
directly as a function of the images,a point at which to graspthe object. In our experiments,
the algorithmgeneralizevery well to novel objectsandervironments,andour robot successfully
graspecdh wide variety of objects,suchaswine glassesducttape,markers,atranslucenbox, jugs,

knife-cutterscellphoneskeys, scravdrivers,staplerstoothbrushesa thick coil of wire, a strangely
shapedower horn,andothers noneof whichwereseenin thetraining set.
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To improve performancewe alsouseddepth-basefeatures More formally, we appliedour texture based
featuresto the depthimageobtainedfrom a stereocameraandappendedhemto the featurevector usedin
classi cation. We alsoappendegomehand-labeledeal examplesof dishwasherimagesto thetraining setto
preventthealgorithmfrom identifying graspingoointson backgroundlutter, suchasdishwashermprongs.



