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Summary. We considerthe problemof graspingnovel objects,speci cally, onesthat are
beingseerfor the rst timethroughvision. We present learningalgorithmwhich predicts as
afunctionof theimagesthepositionatwhichto grasptheobject.Thisis donewithoutbuilding
or requiringa 3-d modelof the object.Our algorithmis trainedvia supervisedearning,using
syntheticimagesfor thetraining set.Usingour roboticarm,we successfullydemonstrat¢his
approaclhby graspingavarietyof differentlyshapedbjects suchasducttape markers,mugs,
penswine glassesknife-cuttersjugs,keys, toothbrushedyooks,andothers,includingmary
objecttypesnot seenin thetrainingset.

1 Intr oduction

If we are seeinga novel object for the rst time througha vision system,howv
canwe autonomouslygraspthe object?In this paper we addresshe problem of
graspingnon-deformablebjects,including onesnot seenbeforeandthatthe robot
is perceving for the rst time throughaweb-camera.

Modern-dayrobotscanbe carefullyhand-programmedr “scripted”to carryout
amazingmanipulationtasks,from usingtools to assemblecomplex machineryto
balancinga spinningtop on the edgeof a sword [15]. However, fully autonomous
graspingof a previously unknavn objectstill remainsa challengingproblem.If the
objectwas previously known, or if we are able to obtaina full 3-d model of it,
thenvariousapproachesfor example onesbasedon friction cones[5], pre-stored
primitives[7], or otheralgorithmscanbe applied.However, in practicalscenariost
is generallyvery dif cult to obtainanaccurate3-d reconstructiorof an objectthat
we areseeingfor the rst time throughvision.

In this paperwe shav thatevenwithout building a 3-d modelof the objectto be
graspedit is possibleto identify agoodgraspusinglearningalgorithms Speci cally,

! Thisis particularlytrueif we have only a single cameraBut for objectswithout texture,
evenasterecsystemwouldwork poorly, andbeableto reconstruconly thevisible portions
of the object.Finally, evenif we try to “engineer”’the problemaway andusea laser(or
active stereo)}to estimatedepthswe would still have only a 3-d reconstructiorof thefront
faceof theobject.
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Fig. 1. Somerealobjectson which the graspingalgorithmwastested.

therearecertainvisualfeatureghatindicategoodgraspsandthatremainconsistent
acrossmary different objects.For example:jugs, cups,and mugs have handles;
objects such as scravdrivers, toothbrushesetc. are all long objectsthat can be
graspedoughly at their midpoint; andso on. Given only a quick glanceat almost
ary rigid object,mostprimatescanquickly choosea graspto pick it up; our work
representa rst steptowardsdesigningavisiongraspingalgorithmwhichcandothe
same.We alsotake inspirationfrom Castiello[3], who shaved thatfor commonly
usedobjectscognitive cuesandprior knowledgeareusedn visually guidedgrasping
by primates.

In prior work, afew othershave alsoappliedlearningto roboticgrasping[1] For
example,Pelossoktal. [9] useda supervisedearningalgorithmto learngraspsfor
settingswhereafull 3-d modelof the objectis known. KaelblingandLozano-Perez
(pers.comm.)alsoapplylearningto graspingbut again assuming fully known 3-d
modelof theobject.Piaterdescribednalgorithm[10] to positionsingle ngers given
atop-davn view of anobject,but considerednly very simpleobjects(speci cally,
squaretriangleandround“blocks”). Plattetal.[11, 12] learnedo sequencéogether
manipulationgaits, but again assumedé speci ¢, knowvn, object.

To pick up an object, we needto identify the grasp—moreformally, a posi-
tion andcon guration for the end-efector. This paperfocuseson the taskof grasp
identi cation, andthuswe will consideronly objectsthatcanbe picked up without
performing complex manipulatior? and that are commonlyfound in an of ce or
householdervironment,e.g.,toothbrushegens books,mugs,martini glassesjugs,
keys, ducttaperolls, markers.(Fig. 1)

This paperwill emphasizegraspingpreviously unknavn objectsin uncluttered
ervironments(for example,whenthe objectsare placedagainsta uniform-colored
background)Theremaindeof this paperis structuredasfollows. Section? describes
our machinelearningapproactfor graspidenti cation. Trajectoryplanning(on our

2 For example, picking up a heary book lying at on table might requirea sequencef
complex manipulationssuchasto rst slideit to theedgeof thetable.
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Fig. 2. Syntheticimagesof the objectsusedfor training.

5dofarm)is thenbrie y discussedh Section3. Sectiond present®urexperimental
results,and nally Section5 concludes.

2 Learning the Grasping Point

Therearecertainvisualfeatureghatindicategoodgraspsandthatremainconsistent
acrossmary different objects.For example:jugs, cups,and mugs have handles;
objectslike pens,scravdrivers, white-boardmarlers, etc. can be graspedin the
center We proposea learningalgorithmthatlearnsto usevisualfeaturego identify
goodgraspingpointsacrossalarge rangeof objects.

More precisely we will predictgraspasa functionof theimage.An imageis a
projectionof thethree-dimensionakorld ontoanimageplane ,which doesnot have
depthinformation. Therefore,we will predictthe 2-d location of the graspin the
image,which correspondso the projectionof the 3-d graspingpointinto theimage
plane.We usesupervisedearningfor this task, with syntheticimages(generated
usingcomputergraphicslasour training data.We thenusetwo (or more)imagesto
triangulateandobtainthe 3-d locationof the grasp.

2.1 Synthetic Data for Training

Collectingreal-world datais cumbersomend manuallabelingis proneto errors.
Generatingperfectlylabeledsyntheticdatais signi cantly lesstime-consumingand
easierascomparedo realimages.

Therefore,we generatesyntheticimages(Fig. 2), along with labels denoting
the correctgrasp,using a computergraphicsray tracer® The advantagesof using
syntheticimagesaremulti-fold [6]. Oncea syntheticmodelfor the objecthasbeen
createdalarge numberof training examplescanbe generatedvith randomlighting
conditionscamergositionandorientationetc.Additionally, toincreasehediversity
in ourdatawe randomizedomepropertieof theobjectaswell, suchascolor, scale,
andtext (e.g.,on the faceof a book). The time-consumingpart of syntheticdata
generatioris the manualcreationof the numericalmodelsof the objects.However,

3 Ray tracing [4] is a standardmage renderingmethodin computergraphics.It handles
mary real-world phenomenosuchasmultiple speculare ections, texture mapping,soft
shadaevs, smoothcunes,andcausticsWe usedPovRay, anopensourceray tracer
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Fig. 3. Examplesf differentedgeandtexture Iters usedto calculatethefeatures.

thereare mary objectsfor which modelsare available on the internet,and canbe
usedwith only minor modi cations. We generated?500 examplesfrom synthetic
data,comprisinginstancegrom v e objecttypes.(Fig. 2) Using syntheticdataalso
allowsusto generat@erfectiabelsfor thetrainingset,i.e.,theexactlocationof agood
graspfor eachobject.In contrastgollectingandmanuallylabelingacomparable-size
setof realimageswould have beenextremelytime-consuming.

Thereis atrade-of betweerthequality of syntheticallygeneratedmagesandthe
accurag of thealgorithm.Thebetterthequality of thesynthetidmagesandgraphical
realismthebettertheaccurag of thealgorithm.Thereforeweusearaytracerinstead
of faster but cruder openGLstylegraphics? Raytracersallow generatiorof details
seenin real images,which are dif cult, if not impossible,to generatan simpler
graphicsimplementationsWe usethesemore lifelik e imagesto allow our learned
modelto becomeohustto the presencef thesephenomenén realimages.

2.2 Grasping Point Classi cation

Giventhetrainingset,ouralgorithmlearngo identify graspingegionsin theimages.
More preciselygiventhetrainingset,thelearningalgorithmpredictsthe 2-d position
of the graspprojectedinto theimageplane.The algorithmusesa setof featuresof
the image,which include edgesandtexture information, appliedat variousscales.
Usingthesefeatureswe applylogistic regressiorto decidewhethereachpositionin
the2-dimageplanecorrespondso avalid graspingpoint.

In detail, thelogistic regressiomalgorithmmodelsthe probability of a particular
patchof theimagebeingavalid graspingpoint as:

1
1+e W'

py = Ljx;w) = @
Here,w 2 R**° arethe parametersyhich arelearnedby maximumlikelihood.The
featurex 2 R**® weusefor thepatchincludeedgesandtextureinformation,(Fig. 3)
appliedatthreespatialscalesandappendedvith the Iter outputsatthelowestscale
for the surroundingpatches(Seeg[13] for moredetailontheimagefeatures.¥ig. 4
shavs somepredictedgrasponrealimages.

2.3 Approximate Triangulation

Given two (or more)imagesof a new objectfrom differentcamerapositionsand
the predicted2-d grasppositionsin eachimage,we needto triangulateto obtain

4 Michels, SaxenaandNg [6] usedsyntheticopenGLimagesto learndistancesn natural
scenesHowever, becausef the cruderrenderingstyle of openGLgraphicsthelearning
performancesometimesleceasedwnith addedcompleity in thescenes.
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Fig. 4. Graspingpoint classi cation.Thered pointsshav the predictedvalid graspingpoints.

3-d positionsof the graspingpoints (Fig. 5). Note that we perform triangulation
only to identify the 3-d positionof thegrasp,notfor full 3-d reconstructionindeed,
mary of our testobjectsaretexturelessor re ective, and 3-d reconstructiorusing
standardstereopsisvould have performedpoorly on them.We usea triangulation
algorithmthatis morecomplex thanonebasedn standardyeometriccalculationdo
handlethe learningalgorithm's outputbeingslightly noisy/uncertainandto handle
the possibility of therebeingmultiple valid graspingpointson anobject.

We usea countingalgorithmfor this“triangulation”step?® First,we discretizethe
3-dspaceof possiblegraspingpointsP 2 R3 into auniform50x50x50grid G. Then,
usingknowledgeof the camerapositionC 2 R*® andpose,eachpredictedgraspin
the imageplanebecomesaray, R = C + tf, with directionf 2 R3;jjfjj, = 1
Here,t 2 R, representshe distancealongthe ray from the camera.To account
for uncertaintyin the prediction,we assumea Gaussiarerror aroundthis ray with
variance 2 = t2, which increaseswith distancet from the camerabecauseof
imageprojective transformationThus,eachrayis representetly aconecenteredn
theray with GaussiarspreadWe thencountthe responsdrom eachGaussiarcone
for eachgrid point. More formally, theresponse atapointp 2 G is givenas

XX dist(p; Rjy)?
=" ep LHER @
j=1 k=1

where N, isthetotalnumberofimagesN; isthetotalnumberof raysfromtheimage
j,»andRjk isthek™ rayfromthej ™ image.Usingthis method we take thegrid cell
p with thehighestotalresponseasthepredictedgraspingoointp = maxp2c  (p).
In reality, dueto theambiguousatureof agraspingpoint(i.e.,theentirehandleis
equallyvalid, notjustonespot),thegraspingpointclassi cationalgorithm,followed
by statisticaltriangulation,gives high response for multiple grid cells clustered
aroundthevalid graspingpoint. Therefore we increaseherobustnes®f our choice
of the graspingpoint by taking into accountthe spatialstructureof the objects® In

5 We give detailson inferenceof 3-d graspingpointsusingprobabilisticmodelsin [14].

% To accountfor this, insteadof predictingjustthe grid cell of highestresponsewe instead
locateall thegrid cellsin thetop 10%in termsof response . Formally, we de ne asubset
GY G,G°=fpj (p) 09 (p)g. AmongG® weidentifywhichp 2 G°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 sketch shaving raysfrom two
imagesntersectingatthegraspingpoint(shavnin darkblue).(b) A 3-dplot shaving multiple
Gaussiartoneq(in light blue)from 3 imagesijntersectingatthegraspingpoint(showvn in dark
blue).

our experiments this signi cantly increaseslgorithmic robustnessn the face of
ambiguityin triangulation.

3 Control

To graspanobject(usingour 5-dofarm),we planatrajectoryto take theend-efector
to anapproactposition! andthenmove the end-efectorin a straightline towards
the predictedgraspingpoint. Trajectoryplanningwasdonein joint anglespaceWe
usedlinearinterpolationbetweersuccessie stepsto the approactposition.

We usetwo classesf grasps:downwad andoutwaid, which arisebecausef
theworkspaceof the 5-dof arm (Fig. 6). A “downward” graspis for objectsthatare
closeto the baseof the arm,andwhich the arm canreachin a dovnward direction.
An “outward” graspis for objectsfurther avay from the base,which the arm is
unableto reachin a downward direction. To choosethe classof the grasp,we scan
theworkspaceof the armanddeterminewhich region containsthe object®

4 Experiments
4.1 Hardware Setup

WeusedheSTAIR (STanfordAl Robot,seeFig. 7) robotbuilt at StanfordUniversity
This platformis equippedwith a robotic arm mountedon a mobile platform, along

pointp = minyy o P qZGDjjp gjj1.- Thisincorporateshefactthatidenti ed grasping
regionsshouldbeclusteredogether

" The approactpositionis de ned to be a point a x ed distanceaway from the predicted
grasppoint.

8 We determinethe positionof objectsin the pictureof therobotworkspaceby thresholding
the saturationchannelof HSV (Hue-Saturation-®ue) of the image.We usethis position
to determingtheregionin which the objectlies.
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Fig. 6. Theroboticarmpickingupvariousobjectsjug, box,screvdriver, duct-tapewineglass,
book,a chip-holder powerhorn,andcellphone.
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with otherequipmensuchascamerasinicrophonesetc. Thelong-termgoal of the
STAIR projectis to createa robotthat cannavigatehomeandof ce ervironments,
pick up andinteractwith objectsandtools (including carrying out more complec
taskssuch as unloadinga dishwasher),and intelligently corversewith and help
peoplein theseernvironments.Clearly, the ability to graspa novel objectrepresents
aninterestingandnecessargteptowardsthesegoals.

Theroboticarmon STAIR is alight 4 kg, 5-dofarm(Katang[8]) equippedvith a
parallelplategripper It holdsa payloadof 500g,andhasahorizontalreachof 62cm,
anda vertical reachof 79cm.The positioningaccurayg of thearmis 1 mm.It is
a positioncontrolledarm,i.e., it requiresspeci cation of joint locationsinsteadof
torquesOurvisionsysterusesalow-qualitywebcammountecheartheend-efector

4.2 Resultsand Discussion

We rst testedhealgorithmfor its predictive capabilityonsynthetidmagesotin the
trainingset.Theaverageclassi cationaccurag was94.2%.althoughtheaccurag in
predictinga 3-d graspingpoint washigherthanthe classi cationaccurag, because
3-dtriangulation” x es”someerrorsin theclassi cationstep.

Next, we testedhealgorithmonthe STAIR robot. Thetaskwasto useinputfrom
aweb-cameramountedontherobot,to pick up anobjectplacedin front of therobot
agpninst a white background.The parameter®f the vision algorithm were trained



8 Savena,etal.

Table 1. Averageabsoluteerrorin locatingthe graspingpoint for differentobjects,aswell
assuccessate in graspingobjectsusing our robotic arm. (Although training was doneon
syntheticimagesall testingwasdoneon theroboticarmandreal objects.)

Objects similar to ones in the training set

Tested on Mean Err or Grasp-

(cm) rate
Mugs 2.8 75%
Pens 0.9 100%
Wine Glass 1.1 100%
Books 29 75%
Eraser/Cellphone 1.6 100%
Overall 1.9 90%

Novel Objects

Tested on Mean Err or Grasp-
(cm) rate
Keys/Markers 1.2 100%
Toothbr ush/Cutter/
Screwdriver 1.1 100%
Jug 1.7 75%
Powerhorn 35 50%
Duct Tape 1.8 100%
Coiled Wire 1.4 100%
Overall 1.8 87.5%

from synthetidmagesof asmallsetof objects namelybooks,martiniglasseswhite-
boarderasers;offeemugs teacupsandpencils We performedexperimentoncoffee
mugs,wine glassespencils,books,anderasers—ubt all of differentdimensionsand
appearancthanthe onesin thetraining set—aswell asa large setof novel objects,
suchasducttaperolls, markers,a translucenbox, jugs, knife-cutters a cellphone,
pens,keys, scravdrivers, a stapler toothbrushesa thick coil of wire, a strangely
shapedower horn, etc.(Fig. 1 and6)

In extensve experimentsthealgorithmfor predictinggraspsn imagesappeared
to generalizerery well. Despitebeingtestedonimagesof real(ratherthansynthetic)
objectsjncludingmary verydifferentfromonesn thetrainingset,it wasusuallyable
to identify correctgraspingpoints.We notethattesterror (in termsof averageerror
in predictinga goodgraspingpoint) on the realimageswasonly somevhat higher
thanthe error on syntheticimages,shaving that the algorithmtrainedon synthetic
imagestransferswell to realimages.(Over all 5 objecttypesusedin the synthetic
data,averageabsoluteerror was 0.8cn? in the syntheticimages;and over all the
11 realtestobjects,averageerrorwasl1.8cm.)For comparisonneonatéhumanscan
graspsimpleobjectswith anaverageaccurag of 1.5cm.[2]

® Units basedbn typical sizeof realworld objectsrepresentetly the syntheticimages(e.g.,
atypicalmugis 12 cmhigh, etc.)
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Fig. 7. The STAIR robot. The 5-dof armwasusedto pick up the objects.

Table 1 shaws the errorsin actualgraspingpointsthat we obtainedon the real
datasetThetable presentgesultsseparatelyfor objectswhich are similar to those
wetrainedon (e.g.,coffeemugs)andthosewhichwereverydissimilarto thetraining
objects(e.g.,ducttape).In additionto reportingerrorsin grasppositions,we also
reportthegrasp-ratei.e., thefractionof timestheroboticarmwasableto physically
pick up the object(out of 4 trials). On average the robotsucceedeth pickingup a
novel object87.5%of thetime.

For simpleobjectssuchascellphoneswine glasseskeys, toothbrushestc.,the
algorithmperformedperfectly(100%grasp-rate)However, objectssuchasmugsand
jugsallow only anarrav trajectoryof approachasaresult,aminorerrorin grasping
point predictioncancausehe armto hit andmove the object,resultingin failureto
grasp,andthusa lower overall successate.We believe thattheseproblemscanbe
solvedwith bettercontrol stratgjiesusinghapticfeedback Someof thefailurescan
alsobeattributedto the x edgripperwidth usedacrossll objectsthis canbesolved
by learninghow muchthegrippershouldopen.Videosof thearmpicking up various
objectsareavailableat

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

In mary instancesthe algorithm was able to pick up completelynovel objects
(strangelyshapedpower-horn, duct-tape etc.; seeFig. 6) by identifying grasping
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points.Perceving atransparentvine glassis a dif cult problemfor standardsision
(e.g.,stereopsisalgorithmsbecausef re ections,etc.However, asshavnin Tablel,
our algorithmsuccessfullypickedit up 100%o0f thetime. The samerateof success
holdsevenif theglassis 2/3 lled with watet

5 Conclusions

We describeda machinelearningalgorithm for identifying a graspingpoint on a
previously unknovn objectthata robotis perceving for the rst time usingvision.
Ouralgorithmdoesnot require(andnor doesit build) a 3-d modelof the object,and
wasappliedto graspinga numberof novel objectsusingour roboticarm.
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