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Summary. We considerthe problemof graspingnovel objects,speci�cally, onesthat are
beingseenfor the�rst timethroughvision.Wepresenta learningalgorithmwhichpredicts,as
afunctionof theimages,thepositionatwhichtograsptheobject.Thisisdonewithoutbuilding
or requiringa3­dmodelof theobject.Ouralgorithmis trainedvia supervisedlearning,using
syntheticimagesfor thetrainingset.Usingour roboticarm,we successfullydemonstratethis
approachby graspingavarietyof differentlyshapedobjects,suchasducttape,markers,mugs,
pens,wine glasses,knife­cutters,jugs,keys, toothbrushes,books,andothers,includingmany
objecttypesnotseenin thetrainingset.

1 Intr oduction

If we are seeinga novel object for the �rst time through a vision system,how
can we autonomouslygraspthe object?In this paper, we addressthe problemof
graspingnon­deformableobjects,includingonesnot seenbeforeandthat therobot
is perceiving for the�rst time throughaweb­camera.

Modern­dayrobotscanbecarefullyhand­programmedor “scripted” to carryout
amazingmanipulationtasks,from using tools to assemblecomplex machinery, to
balancinga spinningtop on the edgeof a sword [15]. However, fully autonomous
graspingof a previously unknown objectstill remainsa challengingproblem.If the
object was previously known, or if we are able to obtain a full 3­d model of it,
thenvariousapproaches,for exampleonesbasedon friction cones[5], pre­stored
primitives[7], or otheralgorithmscanbeapplied.However, in practicalscenariosit
is generallyvery dif�cult to obtainanaccurate3­d reconstructionof anobjectthat
weareseeingfor the�rst time throughvision.1

In thispaper, weshow thatevenwithoutbuilding a3­dmodelof theobjectto be
grasped,it is possibleto identifyagoodgraspusinglearningalgorithms.Speci�cally,

1 This is particularlytrue if we have only a singlecamera.But for objectswithout texture,
evenastereosystemwouldwork poorly, andbeableto reconstructonly thevisibleportions
of the object.Finally, even if we try to “engineer”the problemaway andusea laser(or
active stereo)to estimatedepths,we would still have only a 3­d reconstructionof thefront
faceof theobject.
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Fig. 1. Somerealobjectsonwhich thegraspingalgorithmwastested.

therearecertainvisualfeaturesthatindicategoodgrasps,andthatremainconsistent
acrossmany different objects.For example: jugs, cups,and mugshave handles;
objectssuch as screwdrivers, toothbrushes,etc. are all long objects that can be
graspedroughly at their midpoint; andso on. Given only a quick glanceat almost
any rigid object,mostprimatescanquickly choosea graspto pick it up; our work
representsa�rst steptowardsdesigningavisiongraspingalgorithmwhichcandothe
same.We alsotake inspirationfrom Castiello[3], who showed that for commonly
usedobjects,cognitivecuesandprior knowledgeareusedin visuallyguidedgrasping
by primates.

In prior work,afew othershavealsoappliedlearningto roboticgrasping.[1] For
example,Pelossofetal. [9] usedasupervisedlearningalgorithmto learngrasps,for
settingswherea full 3­d modelof theobjectis known. KaelblingandLozano­Perez
(pers.comm.)alsoapplylearningto grasping,but againassuminga fully known 3­d
modelof theobject.Piaterdescribedanalgorithm[10] topositionsingle�ngers given
a top­down view of anobject,but consideredonly very simpleobjects(speci�cally,
square,triangleandround“blocks”). Plattetal. [11,12] learnedto sequencetogether
manipulationgaits,but againassumedaspeci�c, known, object.

To pick up an object, we needto identify the grasp—moreformally, a posi­
tion andcon�guration for theend­effector. This paperfocuseson the taskof grasp
identi�cation, andthuswe will consideronly objectsthatcanbepickedup without
performingcomplex manipulation,2 and that are commonlyfound in an of�ce or
householdenvironment,e.g.,toothbrushes,pens,books,mugs,martiniglasses,jugs,
keys,ducttaperolls, markers.(Fig. 1)

This paperwill emphasizegraspingpreviously unknown objectsin uncluttered
environments(for example,whenthe objectsareplacedagainsta uniform­colored
background).Theremainderof thispaperisstructuredasfollows.Section2describes
our machinelearningapproachfor graspidenti�cation. Trajectoryplanning(on our

2 For example,picking up a heavy book lying �at on table might requirea sequenceof
complex manipulations,suchasto �rst slideit to theedgeof thetable.
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Fig. 2. Syntheticimagesof theobjectsusedfor training.

5 dof arm)is thenbrie�y discussedin Section3. Section4 presentsourexperimental
results,and�nally Section5 concludes.

2 Learning the Grasping Point

Therearecertainvisualfeaturesthatindicategoodgrasps,andthatremainconsistent
acrossmany different objects.For example: jugs, cups,and mugshave handles;
objectslike pens,screwdrivers, white­boardmarkers, etc. can be graspedin the
center. We proposea learningalgorithmthat learnsto usevisualfeaturesto identify
goodgraspingpointsacrossa largerangeof objects.

More precisely, we will predictgraspasa functionof the image.An imageis a
projectionof thethree­dimensionalworld ontoanimageplane,whichdoesnothave
depthinformation.Therefore,we will predict the 2­d locationof the graspin the
image,which correspondsto theprojectionof the3­d graspingpoint into theimage
plane.We usesupervisedlearningfor this task,with syntheticimages(generated
usingcomputergraphics)asour trainingdata.We thenusetwo (or more)imagesto
triangulateandobtainthe3­d locationof thegrasp.

2.1 SyntheticData for Training

Collecting real­world datais cumbersomeandmanuallabeling is proneto errors.
Generatingperfectlylabeledsyntheticdatais signi�cantly lesstime­consumingand
easier, ascomparedto realimages.

Therefore,we generatesyntheticimages(Fig. 2), along with labelsdenoting
the correctgrasp,usinga computergraphicsray tracer.3 The advantagesof using
syntheticimagesaremulti­fold [6]. Oncea syntheticmodelfor theobjecthasbeen
created,a largenumberof trainingexamplescanbegeneratedwith randomlighting
conditions,camerapositionandorientation,etc.Additionally, to increasethediversity
in ourdata,werandomizedsomepropertiesof theobjectaswell, suchascolor, scale,
and text (e.g.,on the faceof a book). The time­consumingpart of syntheticdata
generationis themanualcreationof thenumericalmodelsof theobjects.However,

3 Ray tracing [4] is a standardimagerenderingmethodin computergraphics.It handles
many real­world phenomenonsuchasmultiple specularre�ections, texturemapping,soft
shadows,smoothcurves,andcaustics.WeusedPovRay, anopensourceray tracer.
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Fig. 3. Examplesof differentedgeandtexture�lters usedto calculatethefeatures.

therearemany objectsfor which modelsareavailableon the internet,andcanbe
usedwith only minor modi�cations. We generated2500examplesfrom synthetic
data,comprisinginstancesfrom �v e objecttypes.(Fig. 2) Usingsyntheticdataalso
allowsustogenerateperfectlabelsfor thetrainingset,i.e.,theexactlocationof agood
graspfor eachobject.In contrast,collectingandmanuallylabelingacomparable­size
setof realimageswouldhave beenextremelytime­consuming.

Thereis atrade­off betweenthequalityof syntheticallygeneratedimagesandthe
accuracy of thealgorithm.Thebetterthequalityof thesyntheticimagesandgraphical
realism,thebettertheaccuracy of thealgorithm.Therefore,weusearaytracerinstead
of faster, but cruder, openGLstylegraphics.4 Raytracersallow generationof details
seenin real images,which are dif�cult, if not impossible,to generatein simpler
graphicsimplementations.We usethesemorelifelik e imagesto allow our learned
modelto becomerobustto thepresenceof thesephenomenain realimages.

2.2 Grasping Point Classi�cation

Giventhetrainingset,ouralgorithmlearnsto identifygraspingregionsin theimages.
Moreprecisely, giventhetrainingset,thelearningalgorithmpredictsthe2­dposition
of thegraspprojectedinto the imageplane.Thealgorithmusesa setof featuresof
the image,which includeedgesandtexture information,appliedat variousscales.
Usingthesefeatures,weapplylogistic regressionto decidewhethereachpositionin
the2­d imageplanecorrespondsto avalid graspingpoint.

In detail,the logistic regressionalgorithmmodelstheprobabilityof a particular
patchof theimagebeingavalid graspingpointas:

p(y = 1jx; w) =
1

1 + e� w T x
(1)

Here,w 2 R459 aretheparameters,which arelearnedby maximumlikelihood.The
featuresx 2 R459 weusefor thepatchincludeedgesandtextureinformation,(Fig.3)
appliedat threespatialscales,andappendedwith the�lter outputsat thelowestscale
for thesurroundingpatches.(See[13] for moredetailon theimagefeatures.)Fig. 4
showssomepredictedgraspson realimages.

2.3 ApproximateTriangulation

Given two (or more) imagesof a new object from differentcamerapositionsand
the predicted2­d grasppositionsin eachimage,we needto triangulateto obtain

4 Michels, SaxenaandNg [6] usedsyntheticopenGLimagesto learndistancesin natural
scenes.However, becauseof the cruderrenderingstyle of openGLgraphics,the learning
performancesometimesdecreasedwith addedcomplexity in thescenes.



Learningto GraspNovel ObjectsusingVision 5

Fig. 4. Graspingpoint classi�cation.Theredpointsshow thepredictedvalid graspingpoints.

3­d positionsof the graspingpoints (Fig. 5). Note that we perform triangulation
only to identify the3­d positionof thegrasp,not for full 3­d reconstruction.Indeed,
many of our testobjectsare texturelessor re�ective, and3­d reconstructionusing
standardstereopsiswould have performedpoorly on them.We usea triangulation
algorithmthatis morecomplex thanonebasedonstandardgeometriccalculationsto
handlethe learningalgorithm's outputbeingslightly noisy/uncertain,andto handle
thepossibilityof therebeingmultiplevalid graspingpointsonanobject.

Weuseacountingalgorithmfor this“triangulation”step.5 First,wediscretizethe
3­dspaceof possiblegraspingpointsP 2 R3 into auniform50x50x50grid G. Then,
usingknowledgeof thecamerapositionC 2 R3 andpose,eachpredictedgraspin
the imageplanebecomesa ray, R = C + tr̂ , with direction r̂ 2 R3; jj r̂ jj2 = 1.
Here, t 2 R+ representsthe distancealong the ray from the camera.To account
for uncertaintyin the prediction,we assumea Gaussianerror aroundthis ray with
variance� 2 = � t2, which increaseswith distancet from the camera,becauseof
imageprojective transformation.Thus,eachray is representedby aconecenteredon
theray with Gaussianspread.We thencounttheresponsefrom eachGaussiancone
for eachgrid point.More formally, theresponse	 atapointp 2 G is givenas

	 (p) =
N IX

j =1

N jX

k=1

exp
�

�
dist(p;Rj k )2

2� 2

�
(2)

where,N I is thetotalnumberof images,N j is thetotalnumberof raysfromtheimage
j , andRj k is thekth rayfrom thej th image.Usingthismethod,wetakethegrid cell
p� with thehighesttotalresponseasthepredictedgraspingpointp� = maxp2 G 	 (p).

In reality, dueto theambiguousnatureof agraspingpoint(i.e.,theentirehandleis
equallyvalid,not justonespot),thegraspingpointclassi�cationalgorithm,followed
by statisticaltriangulation,giveshigh response	 for multiple grid cells clustered
aroundthevalid graspingpoint.Therefore,we increasetherobustnessof our choice
of thegraspingpoint by taking into accountthespatialstructureof theobjects.6 In

5 Wegivedetailson inferenceof 3­dgraspingpointsusingprobabilisticmodelsin [14].
6 To accountfor this, insteadof predictingjust thegrid cell of highestresponse,we instead

locateall thegrid cellsin thetop10%in termsof response	 . Formally, wede�ne asubset
G0 � G, G0 = f p j 	 (p) � 0:9 	 (p� ) g. AmongG0, weidentify whichp 2 G0 minimizes
the total distanceto the other high responsegrid cells, and predict that as the grasping
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Fig. 5. StatisticalTriangulationof the graspingpoint. (a) A sketchshowing rays from two
imagesintersectingatthegraspingpoint(shown in darkblue).(b) A 3­dplot showing multiple
Gaussiancones(in light blue)from 3 images,intersectingat thegraspingpoint(shown in dark
blue).

our experiments,this signi�cantly increasesalgorithmic robustnessin the faceof
ambiguityin triangulation.

3 Control

To graspanobject(usingour5­dofarm),weplanatrajectoryto taketheend­effector
to an approachposition,7 andthenmove the end­effector in a straightline towards
thepredictedgraspingpoint.Trajectoryplanningwasdonein joint anglespace.We
usedlinearinterpolationbetweensuccessive stepsto theapproachposition.

We usetwo classesof grasps:downward andoutward, which arisebecauseof
theworkspaceof the5­dof arm(Fig. 6). A “downward” graspis for objectsthatare
closeto thebaseof thearm,andwhich thearmcanreachin a downwarddirection.
An “outward” graspis for objectsfurther away from the base,which the arm is
unableto reachin a downwarddirection.To choosetheclassof thegrasp,we scan
theworkspaceof thearmanddeterminewhich regioncontainstheobject.8

4 Experiments
4.1 Hardware Setup

WeusedtheSTAIR (STanfordAI Robot,seeFig.7) robotbuilt atStanfordUniversity.
This platformis equippedwith a roboticarmmountedon a mobileplatform,along

pointp�� = minp2 G 0
P

q2 G 0 jj p � qjj 1 . This incorporatesthefactthatidenti�ed grasping
regionsshouldbeclusteredtogether.

7 The approachposition is de�ned to be a point a �x ed distanceaway from the predicted
grasppoint.

8 Wedeterminethepositionof objectsin thepictureof therobotworkspaceby thresholding
thesaturationchannelof HSV (Hue­Saturation­Value)of the image.We usethis position
to determinetheregion in which theobjectlies.
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Fig. 6.Theroboticarmpickingupvariousobjects:jug,box,screwdriver, duct­tape,wineglass,
book,achip­holder, powerhorn,andcellphone.

with otherequipmentsuchascameras,microphones,etc.Thelong­termgoalof the
STAIR projectis to createa robot thatcannavigatehomeandof�ce environments,
pick up and interactwith objectsand tools (including carryingout morecomplex
taskssuch as unloadinga dishwasher),and intelligently conversewith and help
peoplein theseenvironments.Clearly, theability to graspa novel objectrepresents
aninterestingandnecessarysteptowardsthesegoals.

TheroboticarmonSTAIR is alight 4 kg,5­dofarm(Katana[8]) equippedwith a
parallelplategripper. It holdsapayloadof 500g,andhasahorizontalreachof 62cm,
anda vertical reachof 79cm.The positioningaccuracy of the arm is � 1 mm. It is
a positioncontrolledarm, i.e., it requiresspeci�cationof joint locationsinsteadof
torques.Ourvisionsystemusesalow­qualitywebcammountedneartheend­effector.

4.2 Resultsand Discussion

We�rst testedthealgorithmfor itspredictivecapabilityonsyntheticimagesnotin the
trainingset.Theaverageclassi�cationaccuracy was94.2%,althoughtheaccuracy in
predictinga 3­d graspingpoint washigherthantheclassi�cationaccuracy, because
3­d triangulation“�x es” someerrorsin theclassi�cationstep.

Next, wetestedthealgorithmontheSTAIR robot.Thetaskwasto useinputfrom
aweb­camera,mountedontherobot,to pick upanobjectplacedin front of therobot
against a white background.The parametersof the vision algorithm were trained
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Table 1. Averageabsoluteerror in locatingthe graspingpoint for differentobjects,aswell
as successrate in graspingobjectsusingour robotic arm. (Although training was doneon
syntheticimages,all testingwasdoneon theroboticarmandrealobjects.)

Objects similar to ones in the training set
Tested on Mean Err or Grasp-

(cm) ra te
Mugs 2.8 75%
Pens 0.9 100%
Wine Glass 1.1 100%
Books 2.9 75%
Eraser/Cellphone 1.6 100%
Overall 1.9 90%

No vel Objects
Tested on Mean Err or Grasp-

(cm) ra te
Keys/Markers 1.2 100%
Toothbr ush/Cutter/
Screwdriver 1.1 100%
Jug 1.7 75%
Powerhorn 3.5 50%
Duct Tape 1.8 100%
Coiled Wire 1.4 100%
Overall 1.8 87.5%

from syntheticimagesof asmallsetof objects,namelybooks,martiniglasses,white­
boarderasers,coffeemugs,teacupsandpencils.Weperformedexperimentsoncoffee
mugs,wineglasses,pencils,books,anderasers—but all of differentdimensionsand
appearancethantheonesin thetrainingset—aswell asa largesetof novel objects,
suchasduct taperolls, markers,a translucentbox, jugs,knife­cutters,a cellphone,
pens,keys, screwdrivers,a stapler, toothbrushes,a thick coil of wire, a strangely
shapedpowerhorn,etc.(Fig. 1 and6)

In extensiveexperiments,thealgorithmfor predictinggraspsin imagesappeared
to generalizeverywell. Despitebeingtestedonimagesof real(ratherthansynthetic)
objects,includingmany verydifferentfromonesin thetrainingset,it wasusuallyable
to identify correctgraspingpoints.We notethattesterror(in termsof averageerror
in predictinga goodgraspingpoint) on the real imageswasonly somewhat higher
thantheerroron syntheticimages,showing that thealgorithmtrainedon synthetic
imagestransferswell to real images.(Over all 5 objecttypesusedin the synthetic
data,averageabsoluteerror was 0.8cm9 in the syntheticimages;and over all the
11 realtestobjects,averageerrorwas1.8cm.)For comparison,neonatehumanscan
graspsimpleobjectswith anaverageaccuracy of 1.5cm.[2]

9 Units basedon typical sizeof realworld objectsrepresentedby thesyntheticimages(e.g.,
a typicalmugis 12cmhigh,etc.)
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Fig. 7. TheSTAIR robot.The5­dofarmwasusedto pick up theobjects.

Table1 shows the errorsin actualgraspingpointsthat we obtainedon the real
dataset.The tablepresentsresultsseparatelyfor objectswhich aresimilar to those
wetrainedon(e.g.,coffeemugs)andthosewhichwereverydissimilarto thetraining
objects(e.g.,duct tape).In additionto reportingerrorsin grasppositions,we also
reportthegrasp­rate,i.e., thefractionof timestheroboticarmwasableto physically
pick up theobject(out of 4 trials).On average,therobotsucceededin picking up a
novel object87.5%of thetime.

For simpleobjectssuchascellphones,wineglasses,keys, toothbrushes,etc.,the
algorithmperformedperfectly(100%grasp­rate).However, objectssuchasmugsand
jugsallow only anarrow trajectoryof approach;asaresult,aminorerrorin grasping
point predictioncancausethearmto hit andmove theobject,resultingin failureto
grasp,andthusa lower overall successrate.We believe that theseproblemscanbe
solvedwith bettercontrolstrategiesusinghapticfeedback.Someof thefailurescan
alsobeattributedto the�x edgripperwidth usedacrossall objects;thiscanbesolved
by learninghow muchthegrippershouldopen.Videosof thearmpickingupvarious
objectsareavailableat

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

In many instances,the algorithm was able to pick up completelynovel objects
(strangelyshapedpower­horn, duct­tape,etc.; seeFig. 6) by identifying grasping
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points.Perceiving a transparentwine glassis a dif�cult problemfor standardvision
(e.g.,stereopsis)algorithmsbecauseof re�ections,etc.However, asshown in Table1,
our algorithmsuccessfullypickedit up 100%of thetime. Thesamerateof success
holdsevenif theglassis 2/3 �lled with water.

5 Conclusions

We describeda machinelearningalgorithm for identifying a graspingpoint on a
previously unknown objectthata robot is perceiving for the �rst time usingvision.
Ouralgorithmdoesnot require(andnordoesit build) a3­dmodelof theobject,and
wasappliedto graspinganumberof novel objectsusingour roboticarm.
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